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Abstract: Historically, mining operations have faced numerous challenges, including safety hazards,
inefficiencies, and environmental concerns. However, recent advances in robotics, automation, and
artificial intelligence have presented opportunities for the mining industry. The ROBOMINERS
project, a Horizon 2020 European Union initiative, aims to revolutionize the mining ecosystem by
implementing disruptive robotic concepts. One such concept is resilience, which involves enabling
mining robots to reconfigure morphologically during operation. This article presents the development
of a modular robotic system that focuses on modularity and self-assembly to provide insight into
developing a highly adaptable and compact solution for future mining robots. The robotic system is
composed of a set of highly configurable modular robotic platforms that can be reconfigured with
other robotic modules or submodules to form more complex systems to perform different tasks.
Several module configurations are presented, and different locomotion experiments were carried out
to test the ability of the modules to navigate unstructured environments. The modules exhibited
great maneuverability in unstructured terrain and demonstrated self-assembly and reconfiguration
capabilities during operation. This is a foundational step towards the long-term goal of developing
compact autonomous agents capable of self-assembly and mining task execution.

Keywords: modular robots; reconfigurable robots; robotic systems; mining robots

1. Introduction

Mining operations are crucial for meeting growing global demand for natural re-
sources. However, traditional industry mining methods in are often associated with signifi-
cant challenges, such as safety hazards, inefficiencies, and environmental concerns [1]. In
recent years, remarkable progress [2–5] has emerged in robotics, automation, and artificial
intelligence that offer the potential to address these challenges and unlock new possi-
bilities. While these advances have shown considerable potential, there is still room for
improvement in adaptability, scalability, and overall performance. One approach with great
potential is the implementation of modular robotic systems [6]. Consisting of individual
robot modules that can be interconnected and reconfigured, these systems provide inherent
flexibility and versatility to allow robots to adapt to changing conditions, perform complex
tasks, and achieve different goals.

The ROBOMINERS project (https://robominers.eu), [Accessed date 6 July 2023]
funded under the European Union’s Horizon 2020 research and innovation program, is
strategically focused on introducing disruptive robotic concepts to facilitate access to
minerals in Europe, thereby shaping a new mining ecosystem. Among its key aspects is
resilience, which entails providing mining robots with the ability to complete tasks when
new situations or disturbances arise. One of the main objectives of the project is to provide
resilience towards autonomous operation, where robotic modules are sent down in pieces
to the mine through a large diameter borehole and self-assembled to form a fully functional
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mining robot that can be reconfigured during operation to cope with failures or adapt to
different scenarios. For instance, Figure 1 shows a situation where robotic modules perform
this function during a mining task: the robot changes its cutting head according to the
material it is extracting, attaches special sensing devices, and connects several modules to
increase its strength or replaces failed modules with new ones. This adaptability allows
on-the-job reconfiguration.

The concepts of reconfiguration, self-assembly, and self-repair have been extensively
explored in recent years with several works [7–10] compiling the most relevant develop-
ments. Within the broad spectrum of reconfigurable modular robots, this study focuses on
reconfigurable, mobile platforms that can operate in rough environments. These platforms
interact with the environment independently and can generate larger and more complex
robotic systems by connecting several modules through various docking mechanisms. In
this group, we found platforms like Milibot [11]: a set of semi-autonomous, tracked mobile
platforms is arranged into a train configuration to cross relatively large obstacles. The
platforms are equipped with a set of coupler pins that allow the modules to engage and
disengage under computer control. Another remarkable development is the S-bots [12–14]
system: autonomous, tracked-and-wheeled, reconfigurable mobile robots. The reconfig-
uration is achieved either by a robotic gripper or a manipulator arm integrated into the
structure of the robot to allows for rigid and semi-flexible connections. The rigid gripper
permits the lifting of another module while the arm allows for flexible connections where
the modules retain relative freedom of movement with respect to each other. Other ex-
amples include the modular JL-I,2 platforms [15,16]. In this case, the first version of the
system was composed of a series of tracked mobile robots equipped with a cone-shaped
connector and a parallel manipulator that resulted in an active spherical joint that allowed
the modules to rotate in three dimensions. Therefore, different 3D configurations can be
achieved. For the second version, the docking interface was modified to include a gripper,
allowing the modules to achieve basic manipulation as well as locomotion. Additional
developments like AMOEBA-I and the different versions of the platform [17] present a
reconfigurable, modular, tracked robot structure capable of docking from all sides, and gen-
erating chain, triangular and row formations depending on the specific terrain condition.
The docking interface is based on a set of links that connect to other tracks and can change
position and orientation with respect to the central structure.

Previous research efforts have indeed made significant progress, but certain limitations
persist concerning the configurability and adaptability of self-assembly systems, particu-
larly in unstructured environments. Commonly used docking mechanisms, such as latches,
mechanical links, and rigid grippers face vulnerabilities when confronted with uneven
terrain, limited visibility, and unpredictable objects.

To address these challenges and align with the project’s long-term vision, this study
introduced a versatile and configurable modular robotic system with a novel docking mech-
anism. The system comprises robotic modules capable of self-assembly and reconfiguration
during operation, along with manually assembled and self-assembled submodules that ex-
tend the resulting robotic systems’ functionalities. A significant innovation is the seamless
integration of a compact, soft robotic arm into the robot structure. Unlike other reconfig-
urable platforms, our arm remains protected within the robot when not used. Additionally,
integrating soft arms as coupling mechanisms enhances adaptability and performance
during docking maneuvers, especially in unstructured environments. The soft robotic arm
operates like a car crane during docking or undocking, effortlessly guiding itself to another
module or submodule’s docking port, securing it in place, and then retracting to complete
the process.
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Figure 1. Concept of a set of highly configurable modular robotic miners that work together to
perform a complex task. (a) Modular prototypes and tools are deployed in the mine environment.
(b) The first robotic module assembles a cutting head on its front. (c) The second module is at the
back of the first module and begins to assemble to create a larger robotic structure. (d) Finally, the
resulting structure, made up of two modular robots and a robotic submodule, is assembled to perform
a complex task: mining.

The article is organized as follows. Section 2 provides a description of the modular
robot platform with all the possible locomotion submodules as well as an integrated arm
that acts as a coupling interface. In Section 3, we introduce different submodules that can
be coupled to the modular robot to perform several tasks. Section 4 solves the kinematics
of the robotic platform and the singularities, and presents a workspace analysis for the leg
mechanism. In Section 5, we show different configurations of the robotic platform and carry
out several locomotion tests and module reconfiguration to demonstrate the functionality
of the elements that make up the robotic system. Finally, Section 6 provides the conclusions
and summarizes future developments.

2. Robotic Module Description

The presented robotic system is based on highly configurable modules capable of self-
assembly and reconfiguration during operation. In our context, the term ”robotic modules”
refers to mobile platforms that can operate independently, while submodules are considered
add-ons that can be attached to the module to perform a specific task. The concept of self-
assembly is the robot’s ability to form larger structures by connecting different modules or
submodules during an operation without the need of human intervention. The concept of
self-reconfigurability is related to the ability of the robot to reconfigure its control system
automatically as larger structures are formed, i.e., introducing new capabilities into the
system as modules or submodules are connected.
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The main component of the system consists of robotic modules that are composed
of a main structure with three compartments and three docking ports, as presented in
Figure 2. Electronic components, batteries, and other actuation systems are located in
the compartments and in the robot’s internal structure. Interchangeable end effectors or
additional sensors are assembled in docking ports depending on the task to be performed.
To form larger and more complex structures, the module is equipped with a coupling
mechanism based on a soft continuum arm with a mechanical coupling interface where the
arm is integrated into the structure of the robot.

Modules can be powered by either an external power source or a 3S battery that can
be installed in the robot. Inside the module, a power board made up of a set of voltage
converters (12, 6, 5) is used to power the robot’s different electronic components and motors.
A 12 V line is used to supply energy to both the locomotion submodules’ motors and the
legs’ servomotors. The 6 V powers the robot coupling mechanism, and the 5 V supplies
energy to different sensors and microcontrollers. The technical specifications of the robot
module are presented in Table 1.

The design of the robot module is inspired by a mine-ready robotic system devel-
oped within the framework of the project, where each mining robot module is 1.5 m long,
approximately 1 m in diameter, and weighs approximately 500 kg. The robot module
presented here serves as a scaled-down version of the larger mine-ready robotic system
and its primary purpose is to study the concepts of modularity, self-assembly, and reconfig-
uration during operation to provide insight into different configuration possibilities and
emphasizing the importance of adaptability and versatility.

Table 1. Technical specifications of robotic modules.

Specifications Values

Power 12–15 V, 300 W (max) Battery: 3S 2200 mAh 70C

Computing
QTPy-SAMD21—locomotion submodules and robot submodules
ESP32-DevKitC V4—Main Board

Communication
I2C,TTL—internal
UART—module intercommunication
WiFi/Bluetooth—external

Sensors

Motor Current (INA 219)
Battery Status (MCP3424, INA219)
IMU 9-DoF (BNO055)
Magnetic Encoders
Dynamixel sensors (temp, volt, current, encoder)

Actuators
DC Motors—Locomotion Submodules and Coupling mechanism
Dynamixel Servomotors (XM430-W350-T)—Robot Legs
Dynamixel Servomotors (XL330-M288-T)—Coupling Mechanism

Mass 3.90 kg (module with 3 legs) 0.8 kg (robot structure)

Dimensions Length: 22 cm Diameter: 30–40 cm

The connection of the robot components and the communication protocols used are
shown in Figure 3, where each component is classified according to its location and func-
tionality. To communicate the different components of the robot, the following protocols
were defined:

• Two low-level I2C-based protocols with a cyclic redundancy check (CRC) were im-
plemented. The first I2C protocol communicated both the ESP32 and QtPy boards, as
well as the different sensors of the robot. The second one collected sensor data from
the locomotion submodule, maintaining the needed modularity to easily change the
locomotion submodules.
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• One half-duplex universal asynchronous receiver–transmitter (UART) (TTL daisy-
chained bus) using the manufacture’s protocol Dynamixel protocol 2.0 was used to
enable the ESP32 to communicate with the leg-and-coupling mechanism servomotors.

• One custom UART protocol was implemented to communicate with other robotic
modules or submodules when they were attached via the robot coupling mechanism.

• A transparent wireless protocol using WiFi or Bluetooth to link the ESP32 to the central
control unit (CCU).

To monitor the state of the different modules and to teleoperate the system, a graphical
user interface (GUI) based on Qt (Figure 4) was designed. The GUI was organized in a
set of windows and tabs where the information of the robot components was presented
in a comprehensive manner. Every time a robot established a connection with the CCU, a
new tab appeared in the main window of the GUI, allowing the user to decide which robot
module to monitor or teleoperate.

Figure 2. Robotic module description. Each robotic module comprises three compartments and three
docking ports. The docking ports serve the purpose of configuring diverse locomotion submodules or
additional sensors like cameras or LiDAR. Within the compartments, various internal components are
housed. The robot arm allows the autonomous coupling of different modules and robotic submodules
to form more complex systems.

2.1. Locomotion Submodules

To provide the modules with the ability to navigate in unstructured environments,
different locomotion submodules were developed. These were easily interchangeable due
to a standard mounting interface, and each had a different operation principle.

2.1.1. Archimedean Screw

The Archimedean screw locomotion submodule consists of a set of two helical screw-
like structures that are strategically designed with interlocking threads, providing a con-
tinuous surface for propulsion. When activated, the screw rotates, causing the helical
threads to grip the terrain or the surrounding medium. By generating rotational motion,
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the screw threads created forward or backward movement, propelling the robot through
its environment [18]. To achieve omnidirectionality, two screw submodules were arranged
in a mirror configuration, as shown in Figure 5.

Figure 3. ROBOMINER communication protocol diagram. The green squares represent the PCB
boards of the robotic module. The different colored arrows show the different protocols implemented
for both intra- and intercommunication.

Figure 4. ROBOMINER Qt GUI. The interface is composed of a set of windows and tabs that
present information regarding battery status (if connected), Dynamixel sensors, WiFi/Bluetooth
connectivity, input, and output messages for debugging purposes, as well as teleoperation and robot
configuration features.
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One of the key advantages of this submodule is its adaptability to different surfaces
and terrains [19]. The Archimedean screw mechanism excels in environments such as loose
soil, sandy terrain, or even under water where conventional wheels or legs may struggle to
maintain traction. The continuous contact of the screw threads with the ground enables
effective propulsion and minimizes slippage, enhancing the robot’s mobility. Furthermore,
it offers inherent resistance to obstacles encountered during navigation. The screw’s helical
structure allows it to navigate over small barriers, debris, or uneven terrain, reducing the
risk of getting stuck or immobilized.

Figure 5. Motor sense combinations to achieve omnidirectional motion for the Archimedean screw
locomotion submodule (CW ≡ clockwise rotation, CCW ≡ counter-clockwise rotation).

2.1.2. Omnidirectional Continuous Track

The continuous track locomotion submodule consisted of a continuous track loop
made of flexible 3D-printed material with a set of passive urethane wheels embedded in
the track loop oriented at a 45° angle with respect to the vertical line. The track loop was
carefully designed to ensure great traction, durability, and flexibility, allowing it to conform
to the terrain and maintain constant contact for optimal propulsion.

The submodule was composed of two independently actuated omnidirectional tracks
with the passive wheels oriented in opposite directions. When activated, the locomotion
submodule propelled the robot by rotating the continuous track loop. The robot achieved
omnidirectional movement with two submodules in a mirror configuration (Figure 6) by
selectively controlling different sections of the track loops.

Figure 6. Motor sense combinations to achieve omnidirectional motion for the continuous track
locomotion submodule.

2.2. Robot Arm

The robot arm consisted of a soft continuum arm with a mechanical interface em-
bedded at the tip of the arm that acts as a module/submodule coupling interface. The
arm was integrated into the module structure and used as a mechanical interface to join
two robotic modules or submodules to create more robust or complex systems to perform
different tasks. The prototype, presented in Figure 7 was composed of two sections with
a set of flexible racks and rigid disks where the endpoints of the rack were attached. The
movement of each section was based on the displacement of the racks following the rack
and pinion mechanism [20], which gave the arm a high mass-pulling force ability. The
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extension, retraction, and bending of the racks resulted in the control of three degrees of
freedom (DoFs) per section: two for bending and one for extension. Therefore, having two
sections, we obtained the final configuration of the arm that gave 5 DoFs for the arm tip
position (x, y, z) and orientation (pitch, roll) and an additional DoF to control the bending
inflection point.

Figure 7. ROBOMINER soft robotic arm description. The arm is integrated into the structure of the
modular platform, where a set of servomotors are responsible for actuating each pair of flexible racks
following the rack-and-pinion mechanism.

The mechanical interface (Figure 8a) comprises a set of three equally spaced claws
driven by a mechanical system composed of a subactuated 4-bar mechanism and a worm-
crown gear powered by a small DC motor. The 4-bar mechanism is designed to achieve
a wide enveloping movement that helps catch the passive port. Here, the rotational
movement of the crown gear translated into the linear motion of the base of the claw that
caused the docking maneuver. The maneuver took place when the coupling head was close
to a passive coupling port (Figure 8b) following a procedure similar to the one in a car
crane. Here the arm reached the docking port, secured the robotic module/submodule,
and subsequently retracted, pulling the arm back into the robotic module. Finally, the
three magnetic connectors housed inside the arm’s tip allowed communication between the
modules or module/submodule as well as power-sharing. The remaining pin served as a
security check that indicated that the physical connection was correct in all three connectors.
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Figure 8. Coupling interfaces for the modular robot. (a) process of coupling between the active and
passive interfaces where a set of equally distributed claws and profiles secures a passive interface
through different docking ports. (b) Isometric view of the passive coupling interface with detailed
views of the docking port and the enveloping movement of the claw while a docking maneuver is
carried out.

3. Robotic Submodules

Because of the coupling mechanism, robotic modules can be configured to form
complex systems by connecting to neighboring modules or to specific robotic submodules
that perform different tasks. In the following section, we present two robotic submodules
that give the system the capability to perform different tasks, like mining or mapping.

3.1. Mining Submodule

Considering that the future robotic miner needs to be able to optimize its path inside
the new mine architecture to reach the ore, the correct cutting technology is critical. Road-
headers, traditionally used in tunneling and underground excavation, have demonstrated
their efficiency and precision in cutting through rock and other geological formations [21].
By integrating a roadheader into a mining robot, we can envision a versatile and au-
tonomous machine capable of navigating complex underground environments while si-
multaneously performing accurate and controlled cutting operations. For this reason, we
developed a scaled version of a traditional roadheader-cutting head design. The prototype
is actuated with a set of linear actuators and an extrinsic universal joint that allows the
movement of a cutting head driven by a DC motor (Figure 9a). The actuation mechanism
(Figure 9b) generates a circular cutting pattern that covers the area of the robotic miner,
allowing it to advance into the mine. Additionally, a suction system is integrated into the
submodule to absorb the material to process it later while it passes through the robotic
modules, as shown in Figure 9c.
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Figure 9. Cutting submodule description. (a) Isometric view with component description. (b) Model
representation of the submodule kinematics. (c) Detailed view of the submodule suction system
when connected to a modular robot.

3.2. Sensing Submodule

In underground environments where cameras and LiDAR struggle due to low light
conditions and dust interference, the preference shifts towards contact-based sensing
technology. These advanced systems rely on direct physical contact with objects and
surfaces to gather crucial information about the surroundings. By enhancing and expanding
the capabilities of contact-based sensing, we can overcome the limitations posed by the
absence of light and dust in subterranean environments.

Whiskers are a class of tactile sensors that have recently gained popularity. Inspired
by mammals, whiskers display tremendous potential in a variety of applications [22]
including robotics. Based on this, we developed a sensing head submodule composed
of a circular array of 3D magnetic sensors that translates the magnetic field intensity of
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a magnet, housed inside a 3D-printed structure resembling a joystick, into a position in
space. The magnet holder, presented in Figure 10a is held in place by two silicone rings and
allows the structure to move like a joystick (Figure 10b). At the other end of the magnet
holder, a rod made of flexible material serves as the point of contact between the geometry
that is to be captured and the sensor. When the rod comes in contact with an object, it starts
to bend and move the magnet holder. The movement of the magnet is then captured by the
sensor, which maps the change of the 3D magnetic field into the resulting bending angle.
Finally, considering a model where the rod is rigid and knowing the length of the rod, a
point cloud can be generated from the measurements of the sensor array.

Figure 10. Sensing submodule description. (a) The submodule is composed of a circular array of
32 whiskers comprising a magnet holder that has a flexible rod on one end and a magnet on the other.
(b) The movement of the rod is translated to the magnet which changes the magnetic field measured
by the sensor, resulting in the mapping of the point of contact of the flexible rod with a surface.

4. Robotic Module Kinematics

Establishing reference frames is crucial for effective control of the robot since we used
these references and the distances between them to determine its position and orientation
and main components. Starting with the base reference, we established the robot reference
in its geometric center as shown in Figure 11a,b, where the positive x-axis is normal to the
front face of the robot. Then, the pivotal point of the leg axis was considered another point
of reference, and it was repeated for each leg. The leg reference was considered so that the
transformation from the base frame to the leg would be the most convenient. It should be
noted that legs 1 and 3 are rotated ±120◦ with respect to the x-axis of the base reference.
Then, for the reference frame of the leg mechanism (Figure 11c) the point resulting from
the intersection of the mid-plane of the leg and the second motor axis was considered. This
point was set as the origin of the kinematic analysis of the leg mechanism. Finally, the
end effector reference frame was set at its center, by which the x-axis coincided with the
midpoint of the horizontal bar of the mechanism. The frame’s position measured from the
robot datum is presented in Table 2.

Table 2. Robominer module reference frames.

Reference Frame Symbol Description {x,y,z} with Respect to Base Reference [mm]

Robot Base Datum O RM Geometric Center {0,0,0}

Robot Arm Datum O2 Robot Arm Base {101.87,0,0}

Robot Leg

P1
1 Leg 1 axis {0,0,74.653}

P2
1 Leg 2 axis {0,64.95,−37.85}

P3
1 Leg 3 axis {0,−64.95,−37.85}
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Figure 11. Robotic module references frames and transformations to solve the kinematic problem.
(a) Robot module front view. (b) Robot module lateral view. (c) Leg mechanism isometric view.
(d) Midplane view of the leg mechanism equipped with a screw locomotion submodule as an end
effector. All measurements are in millimeters.

The robot leg mechanism has 4 DoFs where the motor connected to the docking port
acts as a revolute joint that rotates the entire leg. The planar mechanism gives the remaining
3 DoFs, allowing control of the position and orientation of the end effector as shown in
Figure 11d. The reference frames for the leg mechanism are shown in Table 3.

Table 3. Leg mechanism reference frame.

Reference Frame Symbol Description {x,y,z} with Respect to Leg Axis [mm]

Leg mechanism datum P2 Motor_x1 {16.97,0,24.25}

End effector P3 End effector joint See kinematics (Section 4.1)
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4.1. Mechanism Description

For the following mechanism, we designed a structure in which the position of point
B of the platform (shown in Figure 12) was controlled by a 5-bar planar link (O2Q2BQ303),
and the orientation (φ) by a 4-bar link (O1Q1FB). Similar to [23], the linear displacements
and orientation of the presented structure were decoupled: actuators 2 and 3 (q2 and q3)
controlled the position of the end effector, and actuator 1 (q1) controlled its orientation. In
addition, the mechanism can rotate on the x-axis, providing the robot with an additional
DoF, which was controlled by the front motor.

Figure 12. Closed planar kinematic chain analysis of the robot leg. The model represents the
simplified version of the leg midplane view (Figure 11d), where O1 coincides with P2.

As shown in Figure 12, the axis x0 is along the vector O1O3 and is defined this way
for convenience. The lengths of the OiQi and QiFi links are indicated by L1i and L2i,
respectively. The dimension of the platform F1B is indicated by R. The positions of the base
axes Oi along the x0 and y0 axes are denoted (xOi, yOi), with xO1 = yO1 = yO2 = yO3 = 0.
Let us consider the geometric models of the manipulator. From the previous description,
one can find the loop–closure equations:

−→
OB = [

−−→
OOi +

−−→
OiQi +

−−→
QiFi +

−→
FiB ] (1)

where:
−→
O1 =

[
0
0

]
(2)

−→
O2 =

[
D1

0

]
(3)

−→
O3 =

[
D1 + D2

0

]
(4)

Developing Equation (1) we obtained the following relationships:
[

x
y

]
=

[
xOi + L1i cos qi + L2i cos ψi + xFi B
yOi + L1i sin qi + L2i sin ψi + yFi B

]
(5)
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Here,
[
xFi B, yFi B

]T represents the expression of the vector FiB in the base frame. For i = 2

and 3,
[
xFi B, yFi B

]T
= 0, and

[
xF1B, yF1B

]T
= R[cos φ, sin φ]T .

Rearranging Equation (5) and squaring both sides, we obtain the following system.

g1 = (x − R cos φ− L11 cos q1)
2 + (y− R sin φ− L11 sin q1)

2 − L21
2 = 0 (6)

g2 =
(

x− xO2 − L12 cos q2
)2

+ (y− L12 sin q2)
2 − L22

2 = 0 (7)

g3 =
(

x− xO3 − L13 cos q3
)2

+ (y− L13 sin q3)
2 − L23

2 = 0 (8)

4.2. Forward Kinematics

The forward kinematics of the robot allows us to determine the position of the end
effector given the motor inputs. Due to the decoupling properties of the robot leg, the
forward geometric model of the mechanism can be solved in two main steps:

• Find the expression of x and y as a function of q2 and q3, using Equations (7) and (8);
• Find the expression of φ as a function of q1, q2, and q3 using Equation (6).

Developing Equations (7) and (8) and factorizing with respect to x and y, yields

x2 + d2x + y2 + e2y + f2 = 0 (9)

x2 + d3x + y2 + e3y + f3 = 0 (10)

where, for i = 2,3:

di = −2(xOi + L1i cos qi) (11)

ei = −2L1i sin qi (12)

fi = (xOi + L1i cos qi)
2 + (L1i sin qi)

2 − L2i
2 (13)

From Equations (9) and (10), we obtained the following relation for the horizontal coordi-
nate of B:

Bx =
−
(
(e3 − e2)By + ( f3 − f2)

)

d3 − d2
(14)

Introducing it into Equation (9) led to, for d3 − d2 6= 0:

u1y2 + v1y + w1 = 0 (15)

where
u1 = (d3 − d2)

2 + (e3 − e2)
2 (16)

v1 = 2( f3 − f2)(e3 − e2)− (d2(d3 − d2)(e3 − e2)) + e2(d3 − d2)
2 (17)

w1 = ( f3 − f2)
2 − (d2( f3 − f2)(d3 − d2)) + f2(d3 − d2)

2 (18)

Solving Equation (15) led to the expression for the vertical coordinate of B.

By =
−v1 ±

√
v2

1 − 4u1w1

2u1
(19)

in which the sign ± stands for two possible assembly modes of the system composed
of links 1 and 2. In our case, we considered the ”+” assembly mode according to the
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mechanism design. Introducing Equation (19) into Equation (14) gave us the position of
point B. Next, introducing Equations (14) and (19) into Equation (6) led to the following:

u2 cos φ + v2 sin φ + w2 = 0 (20)

where
u2 = −2R(Bx − L11 cos q1) (21)

v2 = −2R(y− L11 sin q1) (22)

w2 = (x− L11 cos q1)
2 + (y− L11 sin q1)

2 − L21
2 + R2 (23)

Using the following relationships:

cos φ =
1− t2

1 + t2 ; sin φ =
2t

1 + t2 ; t = tan
(

φ

2

)
(24)

Equation (20) can be rewritten as the following polynomial equation:

(w2 − u2)t2 + 2v2t + w2 + u2 = 0 (25)

Thus, the solutions of Equation (25) can be found as follows.

t =
−v2 ±

√
v2

2 − w2
2 + u2

2

w2 − u2
(26)

φ = 2 tan−1


−v2 ±

√
v2

2 − w2
2 + u2

2

w2 − u2


 (27)

Therefore, given the motor input, the orientation of the end effector was determined by
solving Equation (27) in which the sign ± stood for the two possible modes of mechanism
assembly. In our case, the ”−” solution was the one used since the mechanism was used in
this assembly mode.

4.3. Inverse Kinematics

On the other hand, determining the inverse kinematics model, we determined the
motor angles that gave a known position and orientation of the end effector.

Rewriting Equations (6)–(8) in a more general way, we obtained

gi =
(

x − xFi B − xOi − L1i cos qi
)2

+
(
y− yFi B − yOi − L1i sin qi

)2 − L2i
2 = 0 (28)

Developing (28) and factoring with respect to cos qi and sin qi :

ai cos qi + bi sin qi + ci = 0 (29)

where
ai = −2

(
x − xFi B − xOi

)
L1i (30)

bi = −2
(
y − yFi B − yOi

)
L1i (31)

ci =
(

x − xFi B − xOi

)2
+
(
y − yFi B − yOi

)2
+ L1i

2 − L2i
2 (32)
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Using the relations in Equation (24), Equation (29) became

(ci − ai)t2
i + 2biti + ci + ai = 0 (33)

Thus, by solving Equation (33), we obtained the following expressions:

ti =
−bi ±

√
b2

i − c2
i + a2

i

ci − ai
(34)

qi = 2 tan−1



−bi ±

√
b2

i − c2
i + a2

i

ci − ai


 (35)

Therefore, for a given position and orientation of the end effector, the motor input
was determined by solving Equation (35). There were two possible solutions that changed
consideration of how the mechanism’s joints were working. On this occasion, the joints
q1, q2 considered the ”−” solution, while q3 considered the ”+” solution.

4.4. Singularity Analysis and Mechanism Workspace

To determine the singular points of the mechanism, we first need to define an implicit
function Gqi ,x of the set of actuated joints qi and the Cartesian coordinates x of the end
effector. In this case looking at Equations (6)–(8) we wrote the relationship between the
input and output coordinates as

G(q, x) =





g1
g2
g3



 = 0 (36)

Differentiating (36) with respect to time led to the relationship between the input and
output speeds.

Aẋ + Eq̇ = 0 (37)

where ẋ = [ẋ, ẏ, φ̇]
Tis the platform twist; q̇ = [q̇1, q̇2, q̇3]

T is the vector of the articular
velocities; and A and E are Jacobian matrices of n x n, of which the expressions are

A =
[[

∂gi
∂x

] [
∂gi
∂y

] [
∂gi
∂φ

]]
=




cos ψ1 sin ψ1 R sin (φ− ψ1)
cos ψ2 sin ψ2 0
cos ψ3 sin ψ3 0


 (38)

E =

[
∂gi
∂qi

]
=




lL sin (ψ1 − q1) 0 0
0 lL sin (ψ2 − q2) 0
0 0 lL sin (ψ3 − q3)


 (39)

Singularities occur in configurations where A or E become singular. For this to happen,
there are three types that have different physical interpretations and appear when the
following conditions are met:

1. Type 1 singularity (det (E) = 0) appears when the segments OiQi and QiFi are located
on the same line (Figure 13a)

2. Type 2 singularity (det (A) = 0) appears in two separate cases:

• when the segments F1B and Q1F1 are collinear (Figure 13b).
• when the segments Q2F2 and Q3F3 are located on the same line (Figure 13c).

3. Type 3 singularities (det (E) and det (A) = 0) are based on the construction of the
mechanism. On this occasion, no special singularity was detected based on the
mechanism shape.
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Figure 13. Singular configurations of the robot leg mechanism. (a) Singularity type 1. (b) Singularity
type 2a. (c) Singularity type 2b.

Therefore, considering the range for each actuator for the given mechanism (q1, q2, q3)
and excluding singular positions, the mechanism workspace was obtained in Figure 14.
It should be noted that the mechanism workspace was reduced once a locomotion sub-
module was installed since the geometry of the submodule reduced the maneuverability of
the mechanism.

Figure 14. Leg mechanism-resulting workspace. The blue region represents the workspace of the
mechanism for the final link represented as a horizontal line in the stored configuration. The red area
represents the midpoint position of the final link where the interchangeable end effectors are mounted.
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5. Experiments

To assess the abilities of the robotic system, we fabricated two modules with different
locomotion configurations along with prototypes of the mining and sensing submodules.
The materials chosen for the main structure of the robotic modules included aluminum
laser-cut profiles, ABS, and ASA 3D-printed parts. The leg mechanism was also constructed
from aluminum. Additionally, the majority of components in the locomotion, mining, and
sensing submodules were 3D-printed using ABS.

For the soft robotic arm, the racks were made from a flexible 3D-print material called
TPU95A while the rigid disks are made from ABS. These material selections were specifi-
cally tailored to suit the size and requirements of the demonstrator. However, it is important
to emphasize that for a mine-ready platform, careful consideration and adaptation of ma-
terials was necessary. The materials had to withstand the increased stresses and harsh
conditions associated with larger sizes and heavier loads in a practical mining environment.

5.1. Module Configurability Test

Several tests were carried out to try different robotic-module setups and achievable
robotic systems. Since the module can be configured with different components based on
the task to be performed, we present in Figure 15 a set of achievable configurations that
could have been adopted by the robotic module.

In standby mode, the robotic modules consume an average of 0.7A. However, during
operation with a configuration featuring 3 robot legs, their power demand can increase
to 4A.

Figure 15. Different possible configurations for ROBOMINER platform. Different locomotion sub-
modules can be easily installed into the robot structure. In addition, other submodules for sensing
and mining can be installed when the module has integrated a soft robotic arm.
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For the robotic system, two docking experiments were performed where the soft
continuum arm coupled two robotic modules together and attached a tool to the robot
front. Figure 16 presents a sequence of both experiments. The first experiment consisted
of demonstrating the car crane principle by connecting two robotic modules. First, the
module arm was teleoperated into the rear port of the second robot module. When the
arm docking interface was near the passive interface, a command was sent to the robot
to perform the closing maneuver of the claws and profiles into the passive port. Upon
completion of this maneuver, the module read the safety check-pin status of the magnetic
connectors to ensure that the module was properly connected. Once the module had been
secured, the racks were retracted to complete the docking maneuver. Inversely, for the
undocking process, a command was first sent to the robot to undock the claws and profiles
to the open position. Once this had been completed, the robot sent a message to the CCU
confirming that the docking mechanism was in the open position. Next, the robot was
commanded to retract the arm into the robot structure to protect it from the environment
until a new docking maneuver with a module or submodule is required. While performing
the coupling maneuver, the current draw of the module increased up to 1.5A as the second
module was pulled into the robot module.

Figure 16. Robotic system reconfiguration test.
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For the second experiment, a pre-installed mining submodule was attached to the
robotic arm and a retraction of the arm to lift the mining submodule into the robotic system
was performed. After the submodule was secured and connected to the robotic module,
a new window appeared (Figure 17) in the Qt GUI that allowed the user to control the
mining submodule by commanding the linear actuator angles as well as the cutting head
speed. The current draw of the resulting system during operation ranged between 3 and
4.5A, with the highest value occurring during the execution of mining tasks. Video S1 from
the Supplementary Material shows the coupling maneuvers as well as a mining demo for a
robotic system composed of two robotic modules and the mining submodule.

Figure 17. Mining head connectivity and circular pattern test.

5.2. Locomotion Tests

To validate the design of the locomotion submodules, different tests were carried out.
Omnidirectional movement and navigation capabilities of the robotic modules were tested
in different scenarios. These included locomotion on inclined and irregular terrain.

The inclined-terrain tests were carried out by varying the slope of a surface where the
robot had to climb. Slopes between 10–25◦ were considered for both robot configurations
where the screw module navigated in a lateral fashion while the track wheel advanced
straight. The maximum peak current observed was 2A for the Archimedean screw configu-
ration for the 25◦ slope. Figure 18 shows the sequence for both configurations at different
inclinations, where the two modules successfully climbed the four slopes.

To showcase the locomotion capabilities of the module in irregular terrain, various
mock-up configurations of unstructured terrain were created and tested. The objective was
to assess the ability of the teleoperated module to navigate and exhibit omnidirectional
movement. Both screw and track configurations successfully traversed the environment,
demonstrating remarkable adaptability and omnidirectional movement within the sur-
roundings. Detailed experiments and visual documentation of these tests can be found in
Video S1, available in the Supplementary Materials section.

During the test elaboration, it was observed that the screw structure design exhibited
limitations in performing straight movements on smooth terrain. This limitation arose
from slippage of the surface and the discontinuity of the screw thread towards the tip
of the structure. Similarly, the tracks were unable to execute lateral motion effectively in
rough terrain due to improper contact of the passive wheels, which prevented successful
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maneuvers. However, these issues did not impede the modules’ ability to navigate across
varied terrain. Future design iterations will address these challenges to enhance the
modules’ maneuverability in all conditions.

Figure 18. Locomotion capabilities of the robotic module on inclined surfaces. Left, a robotic module
with screws; right, the module with omnidirectional tracks.

6. Conclusions

This research paper presented the development of a demonstration modular robotic
system to investigate the characteristics of modularity and self-assembly. The article de-
tailed the mechanical and electrical design of the system components, kinematic modeling
of the robotic module, and successful tests conducted to assess configurability and locomo-
tion. Through the exploration of various configuration possibilities, the study highlighted
the significance of adaptability and versatility in mining operations. This work is a founda-
tional step towards the long-term goal of developing compact autonomous agents capable
of self-assembly and completing mining tasks.

The concept of a highly configurable platform was demonstrated by presenting dif-
ferent configurations, with successful coupling maneuvers between robotic modules and
submodules using the soft continuum arm. Furthermore, a mining task performed by a
system composed of two modules and a mining submodule showcased the potential of
applying robotic systems in mining operations.

The locomotion tests yielded satisfactory results for both screw-powered and track-
powered submodules. These modules displayed the ability to climb slopes of up to 25°
without issue and demonstrated adaptability over rough and irregular terrains. However,
some non-critical issues were detected during operation on smooth and irregular terrains
for screws and tracks, respectively. On smooth terrain, screws exhibited reduced maneuver-
ability due to limitations in the straight locomotion mode. For tracks, irregular contact of
the passive wheels with the terrain affected correct execution of the lateral locomotion mode
when traversing irregular terrain. These issues will be addressed in future optimizations of
locomotion submodules.

Although the materials and components used in the scaled-down model may not
be directly applicable to a real mining system, the underlying concepts validated in this
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platform can easily be adapted without significant issue. This study serves as proof of
concept for a larger, mine-ready robot.

In developing a full-scale mining robotic system, adjustments were essential. The
materials needed to be reinforced to withstand the greater stresses and challenges of heavy-
duty mining operations. Additionally, the components had to be scaled up to take into
account the extreme conditions the platform may encounter within the mine. Moreover,
the communication protocols had to be tailored to suit the specific conditions of the mining
environment. By addressing these factors, adapting the proven concepts to a real mining
system became feasible and practical.

Future research work will focus on enhancing the module’s ability to operate in real-
world scenarios. This includes developing autonomous self-assembly and collaboration
algorithms that enable the robot to adapt to diverse environments. The autonomous
self-assembly procedure is currently in development and is based on a computer-vision
algorithm where a camera submodule integrated into the module structure captures the
position and orientation of a marker located on the coupling interface of a second module
or submodule. Then, using the inverse kinematics model, the arm is guided to the captured
point. In addition, a set of 3D magnetic Hall-effect sensors assists the arm in aligning the
docking interfaces to successfully perform the docking maneuver.

On the other hand, efforts are underway to develop gait methods that allow the robot
to adapt to its environment when a locomotion submodule is damaged or encounters an
obstacle, thus ensuring robust performance under challenging conditions.

Regarding control strategies, a meta-control model is being developed to improve
the robustness and fault tolerance of the robot modules. These strategies, as well as other
coordination and configuration algorithms, will be tested on a simulated version of robot
modules. Most of these developments are intended to be transferred to a mine-capable
robot in real-world scenarios.

Supplementary Materials: The following supporting information can be downloaded at: https://doi.
org/10.5281/zenodo.8119182, (accessed on 7 June 2023). Video S1: ROBOMINER_tests.mp4.
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Design and Kinematic Modeling of a Soft Continuum
Telescopic Arm for the Self-Assembly Mechanism
of a Modular Robot

Virgilio Gomez, Miguel Hernando, Esther Aguado, Daniel Bajo, and Claudio Rossi

Abstract

In recent years, the development of mining robots has grown significantly, offering improved efficiency and
safety in hazardous environments. However, there is still room for improvement in adaptability, scalability, and
overall performance. The ROBOMINERS project, funded by the European Union’s Horizon 2020 Research
and Innovation Program, aims to facilitate Europe’s access to mineral resources applying disruptive robotic con-
cepts. One such concept is resilience, which can be achieved providing modular mining robots with the ability to
reconfigure during operation. To address this challenge, this article presents the development and kinematic
modeling of a soft, telescopic, continuum arm integrated into a modular robot. The arm serves as a mechanical
interface for coupling different robotic modules or tools following the principle of the car crane. With a fully
3D-printed design, the arm features two sections of variable length that are driven by an innovative actuation
method based on soft racks. It provides a 6 degrees of freedom (DoF) motion. The arm kinematic models are
obtained by backbone parameterization assuming constant curvature and independent bending between sections
for forward kinematics and applying a machine learning-based approach for inverse kinematics. The models are
validated through the evaluation of two trajectories, measuring the deviation in each DoF and rack extension.
Furthermore, a demonstration of the arm’s coupling procedure between two robotic modules and one possible
configuration of the robotic system showcases its functionality.

Keywords: soft robotics, modular robotics, continuum robot, machine learning, artificial neural networks

Introduction

The application of mining robots has emerged as a
promising solution to address the safety hazards, ineffi-

ciencies, and environmental concerns associated with tradi-
tional mining methods. Equipped with specialized sensors,
manipulators, and mobility systems, mining robots have
showcased superior endurance, precision, and risk manage-

ment capabilities, while reducing human exposure to dan-
gerous conditions and minimizing environmental impact.1

Despite their potential, mining robots still have room for
improvement in terms of adaptability, scalability, and overall
performance. One promising approach for achieving these
advancements lies in the implementation of modular robot
systems. By utilizing interconnected and reconfigurable
robotic modules, modular robots offer inherent flexibility and
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versatility, allowing them to adapt to evolving mining con-
ditions, tasks, and objectives.2 A modular robot is more
adaptable and resilient since it can change its morphological
reconfiguration or easily replace defective modules during
operation.

The ROBOMINERS project,* funded by the European
Union’s Horizon 2020 Research and Innovation Program,
aims to integrate disruptive robotic concepts to facilitate
Europe’s access to mineral raw materials. As part of this
initiative, a technology demonstrator based on a set of mod-
ular robots with self-assembly capabilities is currently under
development.3 The demonstrator, serving as a scaled-down
model of a robotic miner, focuses on studying the charac-
teristics of modularity and self-assembly, laying the foun-
dation for the future development of a mine-ready robotic
platform.

Implementing a robust and efficient coupling mechanism
that allows one module to reach other modules or submodules
plays a pivotal role in realizing the long-term goal of devel-
oping modular mining robots capable of self-assembling and
performing mining operations, while adapting to dynamic
environments. The usage of traditional robotic arms embed-

ded in the structure of robots is a common practice for
extreme environments. However, this solution can result in a
more complex and bulky robotic system. In addition, tradi-
tional coupling mechanisms, such as mechanical connectors
or latches, face notable challenges in the demanding condi-
tions of mining environments. Factors such as uneven terrain,
limited visibility, and unpredictable elements often hinder
proper module connections, compromising the stability and
functionality of the robot system.4 Other methods, such as
electromagnetic couplings, have the disadvantage of con-
tinuous power consumption since they must maintain the
coupling force.

Continuum robots, characterized by their flexible struc-
tures, reduced weight, simplicity, and adaptability, offer sig-
nificant advantages over traditional rigid-body arms.5 They
have been increasingly utilized in complex scenarios, such
as manipulation and locomotion in unstructured environ-
ments,6–8 where bioinspired designs, including snake bodies
and tails,5,9 or tentacles,10,11 are commonly employed for
their dexterity and flexibility. Continuum arms consist of
multiple, serially connected sections and can be actuated
using different strategies12 to control the pose of the arm. The
main actuation technologies can be classified according to
their actuation principles in tendon-driven, fluidic, and smart
material actuation.13 Regarding the arm’s construction,

FIG. 1. Robot enhanced autonomy with a continuum arm that acts as a coupling mechanism to support mechanical
reconfiguration. (A) The robot composed of a single module that detects that it requires a tool to complete the mining task.
(B) The robot reaches and attaches the extracting tool to the module using the arm. (C) In some mine settings, the use of a
single module may be not enough to complete the extraction. In this case, the robot detects this situation, reaches a module
spare and attaches it. (D) The resulting robot comprises two modules and an extracting tool that can operate on hard rock.

*https://robominers.eu
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FIG. 2. (A) Car crane principle for docking robots or tool modules. (B) First, the soft continuum arm is guided to the
module/tool docking port. (C) Then, the end effector docking mechanism secures the module/tool. (D) Finally, the arm is
retracted back to the module securing and attaching the desired part.

FIG. 3. Robotic module description. Each robotic module comprises three compartments and three docking ports. The
compartments house various internal components, whereas the docking ports accommodate interchangeable locomotion
submodules. The coupling mechanism allows the autonomous coupling of different robotic modules and submodules for
seamless integration and greater versatility.
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different types of materials can be used, including silicone
rubbers,14 shape memory alloys and polymers,15 or 3D-
printed flexible filaments.16

Integrating continuum arms as coupling mechanisms
allows modular mining robots to enhance their adaptability
and performance, enabling tool exchange and structural
modifications during operation, and addressing the chal-
lenges of unstructured mining environments. For instance,
Figure 1 depicts a situation where the robotic modules sup-
port this capability during a mining task. In this context, the
robot may change its cutting heads depending on the concrete
material it is extracting, attaches special sensing devices,
connects several modules to increase its strength, or replaces
failed modules with new ones, thus reconfiguring itself on
the job.

To address these challenges, the present study introduces a
novel approach in the form of a modular robot coupling
mechanism. This mechanism utilizes a 3D-printed soft con-
tinuum arm with extensible sections, driven by an innovative
actuation method based on the rack and pinion mechanism.
The integration of this prototype arm into a modular robot
provides a mechanical interface, enabling the robot to
effectively reach and attach various tools or additional
robotic modules. The arm’s end effector consists of a docking
mechanism composed of a set of hooks that employ a docking
strategy similar to that of a car crane, as presented in Figure 2.
The coupling interface integrates a set of magnetic connec-

tors to share data and power between modules. By incorpo-
rating two sections, the arm achieves a total of 6 degrees of
freedom (DoF), allowing control over the end effector posi-
tion and bending orientation.

The article is organized as follows. The Robominers
Concept section contains a description of the modular robot
system and the soft continuum arm design and manufacturing
procedure. In the Kinematics Modeling section, both forward
and inverse kinematic models of the robot arm are solved
using analytical and data-driven approaches, respectively.
In the Results and Discussion section, a comparison of the
results obtained from both the kinematic models and the
experimental data is presented. The Conclusions section
provides the conclusions of the results obtained from the
analysis and summarizes future developments and improve-
ments to the prototype presented.

Robominers Concept

Robotic module

The proposed robotic system addresses the long-term
vision of the project, where robotic modules are sent down to
the mine through a borehole and self-assemble to form a fully
functional mining robot that can reconfigure on-the-job to
cope with failures and/or adapt to different situations. The
ability to replace defective modules during operation ensures
continuous operation and minimizes downtime.

FIG. 4. (A) 3D CAD
model of the soft continuum
arm prototype extended with
two sections of variable
length. (B) 3D CAD model
of the prototype AU. (C) 3D
CAD model of the robotic
module where the arm is inte-
grated. (D) Detailed view of
the rack and pinion and flex-
ible adjacent racks sliding
mechanism. AU, actuation
unit; CAD, computer-aided
design.
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Each module of the system consists of a main structure
with three compartments and three docking ports, as illus-
trated in Figure 3. These compartments house electronic
components, batteries, and actuators for the coupling arm,
while the docking ports allow for the assembly of inter-
changeable end effectors, such as legs with screws or con-
tinuous tracks, based on the specific task requirements.
In this study, we focus on the modules’ coupling mecha-
nism, but docks can also be used to change the robot’s
configuration.

The coupling interface enables seamless connections
between modules, allowing for the formation of complex
structures that are composed of different modules and sub-
modules. In addition, it allows the exchange of data, force,
and power among modules. Thus, the proposed soft robotic
arm serves as a critical component, providing dexterity,
compliance, and adaptability, which are essential for the
robot’s versatility and effectiveness in different scenarios.

Telescopic soft continuum arm design

The prototype arm, presented in Figure 4A, consists of two
sections composed of a set of flexible racks and rigid disks
where the rack’s endpoints are attached. The movement of
each section is based on the displacement of the racks that can
extend, retract, and bend, obtaining as a result 3 DoF per
section, 2 for bending and 1 for the extension. Therefore,

having two sections, we obtain the final configuration of the
arm that gives 5 DoF for the arm tip position (X, Y, Z) and
orientation (Pitch, Roll) and an additional DoF to control the
bending inflection point. To simplify assembly, each pair of
racks is fixed in a single piece, which will be referred to as an
actuating unit (AU), presented in Figure 4B.

Each AU is driven by two multi-turn servomotors
(DYNAMIXEL XL330-M288-T), where each servomotor
controls the extension of a single rack using the rack and pinion
mechanism, and the two racks that can slide between them
(Fig. 4D). The arm is totally integrated into the structure of the
robot, as shown in Figure 4C, where the AUs that drive the arm
sections are placed inside each of the robot compartments,
resulting in an extrinsically actuated arm. Since the proposed
actuation mechanism offers a novel driving method for robotic
soft continuum arms, a patent has been granted.17

The arm is used as a mechanical interface to join two
robotic modules or tools to the robot. The docking mechanism
(Fig. 5A) comprises a set of three equally spaced claws,
T-shaped profiles, and magnetic connectors. The claws are
driven by a mechanical system composed of a subactuated
4-bar mechanism and a worm–crown gear powered by a small
direct current motor. The 4-bar mechanism is designed to
achieve a wide enveloping movement that helps catch the
passive port. The T-shaped profiles secure the two pieces to-
gether after the claws have captured the passive coupling port
(Fig. 5B).

FIG. 5. (A) 3D CAD
model of the soft continuum
arm coupling mechanism in-
stalled at the tip of the arm.
(B) 3D CAD model of the
passive docking port. (C)
Detailed view of the cou-
pling between the active and
passive ports. (D) Detailed
view of the claws’ range of
movement in the coupling
mechanism.
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Data and power transmission is achieved, thanks to mag-
netic connectors embedded in both coupling interfaces. The
docking maneuver takes place when the coupling head is
close to a passive coupling port. The maneuver is carried out
by closing the claws into the coupling port, as presented in
Figure 5C and D. Here, the rotational movement of the crown
gear translates into a linear motion of the base of the claw that
causes the docking maneuver. Then, the second module is

pulled into the robotic module by retracting the racks. Thanks
to the rack and pinion design, the arm has high mass pulling
force capabilities.

Material selection

Considering that the arm is fully 3D printed and will suffer
bending and torsional forces, as this is part of its mechanical

FIG. 6. (A) Kinematic modeling diagram for transforming motor input to coordinate position and orientation of the arm.
(B) Constant curvature model for a single section of the presented soft continuum arm. (C) Motor, rack lengths, and
coordinate frames convention for the arm direct kinematics model. (D) Constant curvature model for a single section of the
presented soft continuum arm.

Table 1. Mechanical Properties of the Materials Tested for the 3D-Printed Racks

Material Mechanical properties Test method Typical values

PLA Extrafill Tensile strength at break ASTM D882 53 MPa
Elongation at break ASTM D882 6%
Flexural modulus ASTM D790 3800 MPa
Print temperature — 190–210�C

Flexfill TPU 98A Tensile strength at break DIN 53504 53.7 MPa
Tensile stress (10–300% elongation) DIN 53504 12.1–37.8 MPa
Elongation at break DIN 53504 318%
Hardness ISO 7619–1 98 Shore A, 60 Shore D
Print temperature — 220–240�C

Ultimaker TPU 95A Tensile (Young) modulus ASTM D3039 (67, 67, 56)a MPa
Tensile stress at break ASTM D3039 (6.4, 23.7, 37.9)a MPa
Elongation at break ASTM D3039 (>560, >700, 84)a %
Flexural modulus ISO 178 (62.6, 55.1, 62.6)a MPa
Hardness ISO 7619–1 96 Shore A, 48 Shore D
Print temperature — 220–235�C

aReported values for XY, YZ, and Z print orientations.
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FIG. 7. (A) ArUco marker fixed to the arm tip for pose capturing. (B) Testbed to capture arm end disk position and
orientation. (C) Safe workspace of the arm derived from captured data of the arm tip position.
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principle, it is necessary to select materials that give us the
capability to maintain the structural integrity of the arm while
performing different maneuvers. For this reason, a material
selection study was performed to identify the most suitable
material for racks by testing three commercially available
materials (PLA Extrafill, FLexfill TPU 98A, and Ultimaker
TPU 95A) for bending and twisting. The mechanical prop-
erties of the material are presented in Table 1.

After evaluating the capabilities of the test racks for dif-
ferent materials, the most suitable material for this design
resulted in Ultimaker TPU 95A, given its bending and
twisting capabilities, while maintaining mechanical integrity.
Polylactic acid (PLA) and TPU 98A were discarded because
they suffered rigidity and mechanical integrity issues when
tested. PLA was also considered as an option even though it is
not particularly flexible (Table 1) since it was essential for the
arm to extend until it reached the target, flexing minimally
and pulling a mass of the target.

Kinematics Modeling

The kinematic modeling of soft continuum arms is a rather
complex task18 due to the inherent dexterity of the arm. As
they are flexible, the continuous bending and torsional effects
of the drive system, which introduce nonlinearities into the
system, must be considered in the model. Soft continuum arm
kinematic are commonly solved by model-based, data-
driven, or hybrid approaches.19 Generally, model-based
approaches are implemented to solve forward kinematics,
where virtual backbone parameterization, assuming constant
curvature, is one of the most common approaches.20 On the
contrary, for the inverse kinematic problem, data-driven
approaches are frequently used for approximating the models
of flexible manipulators. This is due to its speed and effec-
tiveness, where well-known architectures such as multilayer
perceptron (MLP), K-nearest neighbors regression (KNNR),
extreme learning machine (ELM), or Gaussian mixture reg-
ression are usually implemented.21

Bearing this in mind, two approaches are considered to
solve the forward and inverse kinematics: the model-based
method assuming constant curvature and independent bend-
ing between sections for the forward kinematics, and the
data-driven model based on machine learning algorithms for
the inverse kinematics.

Forward kinematics

A constant curvature model with independent untangled
bending between sections is implemented to solve the kine-
matics of the arm, as shown in Figure 6B. The expression of
the arm tip pose is determined by following three main steps
(Fig. 6A). First, the raw motor input (mij) is converted to the
extension of the rack (mij) following the principle of the rack
and pinion mechanism. Here, i indicates the rack number and
j the arm section, as presented in Figure 6C. Then, using the
model from Webster and Jones,22 the section’s arc parame-
ters (ki, /i, hi) are obtained from the corresponding section
rack lengths.

As shown in Figure 6D, ki represents the backbone cur-
vature, /i represents the orientation of the virtual backbone
with respect to the xy plane, and hi represents the virtual
backbone arc angle. Finally, the transformation matrix (Ti) of
the distal point of the section (denoted as Di in Fig. 6D)

is determined by applying the robot-independent function
described in the model. The notation considered is a Bishop
frame,22 where the z axis is tangent to the virtual backbone of
the arm (Li), and the coordinates x and y have the same ori-
entation that the base reference frame (Fig. 6C), where � y
points to l1.

Following the diagram of Figure 6A, motor input is con-
verted into rack lengths by applying the rack-and-pinion
mechanism relation. Here, DP and mi represent the gear
primitive diameter measured in millimeters and each motor
input angle measured by the encoder in degrees, respectively.

li¼
mipDP

360
(1)

Then, based on the model, the section’s arc parameters are
obtained.

ki¼
1

ri

¼ 2gi

3Lid
(2)

/i¼ atan2
l2þ l3� 2l1ffiffiffi

3
p

l2� l3ð Þ

 !
(3)

hi¼Liki¼
2gi

3d
(4)

where d represents the disk radius and:

Li¼
l1þ l2þ l3ð Þ

3
(5)

gi¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
l1

2þ l2
2þ l3

2� l1l2� l1l3� l2l3

q
(6)

The section’s homogeneous transformation matrix is de-
fined modeling the constant curvature section of the contin-
uum arm. First, the arm is rotated in the z-axis with no
translation by the angle /. Then, another rotation is perfor-
med in the y-axis by the angle h combined with a translation
with the vector p¼ r(1� cos h) 0 r sin h½ �. Finally, a
rotation in the z-axis that has no translation gives the resulting
homogeneous transformation matrix. For compactness of
notation, sin / and cos / are denoted s/ and c/, respectively.

Ti r, h, /ð Þ

¼
Rz /ð Þ 0

0 1

� �
0 p r, hð Þ
0 1

� �
Ry hð Þ 0

0 1

� �
Rz �/ð Þ 0

0 1

� �
(7a)

Table 2. Arm Safe Operating Range

DoF Units Min Max

X mm -58 58
Y mm -55 61
Z mm 0 120
Pitch deg -60 60
Roll deg -60 60

DoF, degrees of freedom; Max, maximum; Min, minimum.
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FIG. 8. Forward kinematics comparison for two different sequences. The XYZ frame represents the observed orientation
of the disk, whereas XA YA ZA represents the resulting values obtained by the implemented forward kinematic model.

Table 3. Comparison between the Three Considered Machine Learning Algorithms for the Inverse

Kinematic Model of the Soft Continuum Arm

Rack
extension

ELM (N_hidden_neurons = 150) KNN (N_neighbors = 5)
MLP single layer

(N_hidden_neurons = 400)

MAE
(mm)

RMSE
(mm)

Time
(ms)

MAE
(mm)

RMSE
(mm)

Time
(ms)

MAE
(mm)

RMSE
(mm)

Time
(ms)

l11 7.51 10.15 24.4 8.81 12.13 56.1 10.72 13.53 49.5
l21 7.59 10.30 8.84 12.17 10.89 13.97
l31 7.48 10.06 9.01 12.53 10.51 13.41
l12 4.93 6.10 5.76 7.29 5.98 7.44
l22 4.84 5.96 5.87 7.41 5.96 7.31
l32 4.84 5.98 5.89 7.45 5.89 7.29

ELM, extreme learning machine; KNN, K-nearest neighbors; MAE, mean absolute error; MLP, multilayer perceptron; RMSE, root mean
squared error.
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Ti r, h, /ð Þ

¼

c2
/chþ s2

/ c/s/ ch� 1ð Þ c/sh rc/ 1� chð Þ
c/s/ ch� 1ð Þ s2

/chþ c2
/ s/sh rs/ 1� chð Þ

� c/sh � s/sh ch rsh

0 0 0 1

2
66664

3
77775

(7b)

Once the homogeneous transformation of the arm section
is completely defined, the arm tip pose is determined by
repeating the same procedure for the second section and
multiplying the resulting homogeneous transformation ma-
trices. Because independent untangled bending between
sections is being considered, the rack length for the second
section, that is, the distal section, needs to be calculated by
subtracting its first section rack pair.

~X¼T r1, h1, /1ð Þ T r2, h2, /2ð Þ (8)

li, j¼ li, j� li, j� 1 (9)

Inverse kinematics

A data-driven approach based on machine learning algo-
rithms is implemented to solve the inverse kinematics. This
approach surpasses other iterative and model-based appro-
aches by providing a faster and more adaptable solution. The
modeling process is presented in two stages: data capture and
network model selection.

Data capture. To capture arm data to train the networks,
a test platform (Fig. 7B) was built with an integrated RGB
camera at a fixed height to capture the pose of the arm tip,
where a single ArUco marker was fixed, as shown in
Figure 7A. Using the ArUco library,23 the position and ori-
entation of the marker are given as a translation vector in
meters and a 3D rotation vector in radians, respectively.
However, the orientation vector was converted to a quater-
nion form to reduce the number of variables and to optimize
the computing speed for the learning process.

A routine was programmed in which motor babbling is
given as an input for each servomotor with respect to the

limits of the racks that are attached to them and the rela-
tionship that must be maintained between the racks that
control each section. After the arm tip reaches the resulting
position, the motor input values are recorded, and five cap-
tures of the ArUco code located at the tip of the arm are taken,
averaged, and converted to their corresponding representa-
tion for position and orientation. Considering that the cam-
era’s field of view was limited to one third of the arm
workspace, a data augmentation procedure was implemented.
Since the arm has radial symmetry, the remaining positions
were obtained through a –120� rotation around the z-axis of
the base and an inverse rotation with respect to the z-axis of
the tip of the arm to compensate for the inability of the arm to
rotate on its own axis. This process was repeated until a total
of 10,503 different positions were obtained. It is worth noting
that during the data capture procedure, neither gravity nor
weight effects were considered since the experimental setup
has the z-axis oriented upward, as shown in Figure 7B.

The resulting points that represent the arm workspace are
presented in Figure 7C, where each point represents the
midpoint of the arm tip. Table 2 presents the safe operating
range of the arm without separation, taking into account the
limitations imposed by the robot’s length of 180 mm.

Network model selection. A comparative study was con-
ducted to select the model that balances computational cost
and accuracy. Three commonly used architectures, ELM,
KNNR, and MLP, were considered based on previous stud-
ies.24 ELM is a single-layer feedforward neural network with
randomly assigned hidden-layer weights and learned output-
layer weights.25 The number of nodes in the hidden layer is a
specified hyperparameter. KNNR is a nonparametric algo-
rithm that finds the K-nearest neighbors using a distance
metric and predicts based on their average.26 The number of
neighbors K is a specified hyperparameter. MLP is an artifi-
cial neural network with learned weights in its connections
between input, hidden, and output layers.27 The number of
layers and nodes in each layer are specified hyperparameters.

Before comparing the algorithms, a sensitivity analysis
determined the best-performing models for each algorithm,
considering prediction time and accuracy using mean abso-
lute error (MAE) and root mean squared error (RMSE) as
evaluation metrics. The data captured at the arm tip was
divided into training (80%) and test (20%) sets, and the
processes were conducted on a 1.8 GHz AMD Ryzen 7
5700U with 16 GB RAM running a Python script.

Observing the results in Table 3, it was decided to use an
ELM network to solve the arm inverse kinematics model due
to its favorable time/performance ratio. With an average
prediction time of 24.4 ms, the ELM network had a single
hidden layer with 150 neurons using a hyperbolic tangent
sigmoid transfer function. The input is the arm tip pose with
the orientation of the end effector represented in quaternion

Table 5. Orientation Estimation Using the Forward Kinematic Model for the Evaluation Sequences

Units

Sequence 1 Sequence 2

Min Mean Max Min Mean Max

Angle (W, Wpred)max deg 1.3115 2.3584 3.6857 1.2689 2.2516 4.3069
Dot (W, Wpred)min — 0.9995 0.9998 — 0.9993 0.9998 —

Table 4. Position Estimation Using the Forward

Kinematic Model for the Evaluation Sequences

Units

Sequence 1 Sequence 2

X Y Z X Y Z

Max error mm 2.76 2.72 3.13 4.00 3.87 2.87
MAE mm 1.07 1.00 1.66 1.73 1.74 1.56
RMSE mm 1.27 1.27 1.91 1.99 1.99 1.62
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Table 6. Performance of the Inverse Kinematic Model in the Evaluation Sequences

Rack extension

Sequence 1 Sequence 2

Max error (mm) MAE (mm) RMSE (mm) Max error (mm) MAE (mm) RMSE (mm)

Section 1 l1 12.95 4.18 5.07 22.80 3.57 4.59
l2 11.46 3.43 4.04 25.70 4.51 5.64
l3 16.96 4.57 5.72 24.84 4.69 5.88

Section 2 l1 10.61 4.04 4.94 12.99 3.65 4.71
l2 11.12 3.81 5.06 14.82 3.62 4.54
l3 18.24 3.68 5.06 11.82 3.78 4.66

FIG. 10. (A) Continuum
arm guided maneuver based
on a curved trajectory to join
two robotic modules to-
gether. (B) Continuum arm
guided maneuver based on a
straight trajectory to join two
robotic modules together.
(C) Robotic system com-
posed of two robotic modules
and a cutting head sub-
module.
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form, and the output is the rack extension of each rack con-
trolling the two sections of the arm.

Results and Discussion

Two different sequences were designed to test and validate
both forward and inverse kinematic models. Each sequence is
based on a maneuver repeated three times with different
orientations at the base of the robot, where a total of 90 points
that are contained in the robot workspace are evaluated. The
first sequence represents the extension and bending of the arm
from the home position, where the arm is retracted into the
robot, to a desired final pose. The second sequence consists of
a triangular trajectory at a fixed height.

Figure 8 shows the path followed by the arm tip and the
prediction calculated using the forward kinematics model
for both sequences. For position estimation, the maximum,
average, and RMSEs are shown in Table 4. Then, to compare
orientation in quaternion form, two metrics were considered.
First, we calculate the dot product of the quaternions, which
will be 1 if the quaternions are equivalent and -1 if they are
negations of each other. If the dot product is 1, the quater-
nions represent the same orientation. In addition, we deter-
mine the minimum rotation angle that would be required to
convert one quaternion to the other.

Analyzing the results from Table 4 and Figure 8, we
observe that the model accurately predicts the position of the
arm tip for the different points in the two sequences, with a
maximum error lower than 4 mm and a deviation close to
2 mm. For orientation, Table 5 shows that the maximum
rotation angle is 3.69� and 4.31�, and the minimum dot
product of the quaternions is 0.9995 and 0.9993 for each
sequence, respectively. Therefore, we can ensure that the
orientation determined by the model is accurate and can be
observed qualitatively in Figure 8, where the calculated ori-
entation is quite close to the experimental measurements,
with little to no deviation for the sequences tested.

On the contrary, for the inverse kinematic model, we eval-
uate the prediction of the ELM to observe how well it gener-
alizes for new data, using the same recorded sequences as for
the forward kinematics, but this time using the pose of the arm
tip as inputs and the rack extensions as outputs. Looking at
Figure 9 and Table 6, we observe that the model is capable of
predicting the rack extension of both sections effectively with
a maximum overall error of 18.24 mm for the first sequence
and 25.7 mm for the second sequence. The MAE for both
sequences is lower than 5 mm and the maximum RMSE is
lower than 6 mm. It is worth noting that the accuracy of the
prediction varies for each section, where the second section’s
rack generally presents a lower error than the first section for
both evaluation sequences. In addition, the error is also af-
fected by the effects of gravity and the weight of the arm,
which were not considered in the modeling stage as com-
mented in previous sections. However, the obtained results
guarantee that the arm reaches the desired target with an acc-
eptable range to successfully perform the coupling maneuver.

Implementation

Using the kinematics of the arm, coupling maneuvers have
been performed to demonstrate the function and capabilities
of the arm. Figure 10 shows an example of two different
trajectories. In both maneuvers, the arm is guided into the

docking port of the robotic module by bending and extending
the sections. Next, it secures the module by performing the
docking procedure described in previous sections and finally
retracts the arm to complete the coupling between the mod-
ules. Considering that the weight of a robotic module is 4.5 kg,
the arm demonstrates the high mass-pulling capabilities req-
uired, as well as the bending and extending capabilities. In
Figure 10C, a potential arrangement of the robotic system is
presented, where two different modules and a cutting head
submodule are integrated. This integration yields a larger
robot capable of exerting increased drilling force capacities.
Both coupling maneuvers, as well as a demonstration of the
arm’s range of motion and docking mechanism, can be seen in
the Supplementary Video S1.

Conclusions

In this work, we introduced a soft continuum arm featuring
extensible sections capable of independent extension and
bending. The arm is extrinsically actuated using a configura-
tion of servomotors that drive flexible racks via a rack-and-
pinion mechanism. The entire arm structure is fully 3D printed,
utilizing PLA for section disks and TPU 95A for flexible racks.

Integrated into a modular robot, the arm serves as a
mechanical interface that allows the docking of other robotic
modules or tools. This is made possible by the docking
interface incorporated into the arm’s end effector. The
docking mechanism is based on the car crane principle, where
the arm reaches the docking port, secures the robotic mod-
ule/submodule, and subsequently retracts, pulling the arm
back into the robotic module.

To address the arm’s kinematics, we employed both ana-
lytical and data-driven approaches. The forward kinematics was
solved by implementing a constant curvature model with un-
tangled independent bending between the sections. For the in-
verse kinematics, a machine learning algorithm was utilized.

Experimental validation was conducted for both kinematic
models, achieving satisfactory results concerning position
and orientation errors. The forward kinematics presented
maximum position errors below 4 mm and an overall maxi-
mum rotation angle difference of 4.31�, confirming the accu-
racy of the predictions and validating the assumption that the
arm’s virtual backbone follows a quasi-constant curvature.
Regarding the inverse kinematics model, the maximum error
in rack extension was measured at 18.24 mm for the first
sequence and 25.7 mm for the second sequence. The overall
MAE and RMSE were found to be 4.69 and 5.88 mm,
respectively. These results indicate a good prediction of the
required extension for achieving the desired position and
ensuring proper arm functionality. The errors primarily
originate from nonlinearities resulting from irregular arm
bending, as well as the influence of gravity and weight effects
that were not considered in the kinematic modeling phase.

To validate the effectiveness of the proposed design and
kinematic models, two different maneuvers were performed,
demonstrating successful reaching and assembly capabilities.

Further developments can be made for enhancing the arm
functionality, such as optimizing the design of the driving
mechanism and increasing the number of racks to increase
its stability and robustness by augmenting the change of
stiffness of the arm. Future applications of this arm include
the possibility of coupling different sensing and actuation
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modules such as active sensing devices or other measurement
devices such as geophysical sensors that need to be precisely
placed on the rock face.
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Abstract: Traversing through challenging, unstructured environments, particularly in mining scenar-
ios characterized by dust concentration, darkness, and lack of communication presents formidable
obstacles for traditional sensing technologies. Drawing inspiration from naked mole rats, charac-
terized as being skilled subterranean navigators that depend heavily on touch to navigate their
environment, this study introduces a new whisker-sensing disk designed for 3D mapping in un-
structured environments. The disk comprises a circular array of 32 whisker sensors, each featuring a
slender flexible plastic rod attached to a compliant base housing a 3D Hall-effect sensor. The whisker
sensor is modeled using both analytical and data-driven approaches to predict rotation angles based
on magnetic field measurements. The validation and comparison of both models are performed by
evaluating data from other whisker sensors. Additionally, a series of experiments demonstrates the
whisker disk’s capability in performing 3D-mapping tasks, along with successful implementation on
diverse robotic platforms, highlighting its future potential for effective 3D mapping in complex and
unstructured subterranean environments.

Keywords: whisker sensor; 3D mapping; bioinspired design

1. Introduction

Navigating unstructured environments poses formidable challenges for autonomous
robots, as they struggle with complexities, such as clutter, unpredictable terrain, and the
limitations of traditional mapping technologies. This is particularly prevalent in mining
environments, known for their extreme and unstructured nature, where dust concentrations
and darkness create additional hurdles for traditional localization, sensing, and mapping
methods that rely on Global Positioning Systems (GPS), cameras, and Light Detection and
Ranging (LiDAR) systems [1]. Recognizing the need for innovative solutions, the develop-
ment of alternative sensory approaches becomes critical for robots tasked with mapping and
navigating these cluttered and difficult-to-access environments [2]. A promising approach
involves the use of touch-based sensors to map the surface of the mine, with bioinspired
mammalian sensors emerging as a viable alternative due to their demonstrated robustness,
simplicity, and precision [3]. The versatility of such sensors is evident in their application
for various purposes, ranging from object localization [4–6], contour and texture recogni-
tion [3,7,8], and even fluid flow direction and viscosity [9–11]. With particular emphasis
on robot navigation and mapping, the integration of active and passive whiskers into the
structure of mobile robots and robot manipulators [12–16] has shown great potential for
obstacle avoidance and Simultaneous Localization and Mapping (SLAM) tasks [17,18].
However, not much effort has been put into point cloud generation for environment re-
construction. Mapping 3D spaces presents additional complications, as whisker-based
sensors need to navigate and interpret spatial information effectively. Factors such as

Biomimetics 2024, 9, 83. https://doi.org/10.3390/biomimetics9020083 https://www.mdpi.com/journal/biomimetics



Biomimetics 2024, 9, 83 2 of 14

environmental variability, surface textures, and the need for real-time adaptability con-
tribute to the intricacies faced in developing robust models for whisker-based sensors in
3D-mapping applications.

The ROBOMINERS project [1] strategically focuses on introducing innovative robotic
concepts to overcome these challenges and improve mineral access in Europe, thus re-
shaping the mining ecosystem. A crucial objective is to enable robots to navigate and
execute selective mining procedures by equipping them with the capability to map mining
environments and dynamically adjust their paths for optimized mineral extraction. To ad-
dress this challenge, prototypes that incorporate various alternative sensor technologies
are currently in development and are undergoing testing. These prototypes explore a spec-
trum of options, from spectrometry-based sensors [19] to contact-based sensors. Drawing
inspiration from the remarkable tactile abilities of the naked mole rat, a notable rodent
species renowned for its navigation and contact detection capabilities in subterranean
environments (Figure 1a) [20], an autonomous robotic miner (Figure 1c) could navigate
challenging environments, addressing complex issues such as executing mining procedures
and precise 3D-mapping tasks and navigating in subterranean areas [21]. Similar to the
naked mole rat, which is heavily dependent on its somatosensory systems (touch) [22] and
uses a series of sensitive sensory hairs to orient itself and navigate subterranean landscapes
(Figure 1b), the robotic miner strives to replicate the efficiency of nature in overcoming
obstacles in its quest for optimal performance and adaptability.

Figure 1. (a) Naked mole rat in subterranean environments (Picture taken by Neil Bromhall, Shutter-
stock). (b) Body hair location for an adult naked mole rat. Each body hair is represented by a small
red dot. This rodent presents a systematic array of sensitive sensory hairs on its body, as described
in [23], that help it navigate and orient itself in lightless subterranean environments. (c) Concept
of robotic miner equipped with touch based sensor for navigation and mapping of unstructured
3D environments.

This study introduces a novel whisker-based disk that uses 3D Hall-effect sensors
to map 3D unstructured environments. The disk design tries to approximate a section of
the mole rat body, where the sensory hairs are approximately distributed in a ring-like
pattern across the whole body. Compared to other designs, the whisker is housed in a
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non-permanent manner to the silicone rings, and the magnet holder features a spherical
joint that serves as the pivot point to transmit the rotational movement of the whisker.
The whisker is modeled following both analytical and data-driven approaches to determine
the rotational angles of the whiskers, given the magnetic field felt by the sensor when the
whisker makes contact with an object. In this paper, the whisker disk is installed on a
serial manipulator to demonstrate the mapping of 3D surfaces. Furthermore, the design
can be attached to a scaled-down robotic miner to give the robot the capability to map 3D
environments during operation.

This article is structured as follows. In Section 2, we introduce the design and manu-
facturing process of the sensor. In Section 3, we present an approximation of an analytical
model of the phenomena and propose an alternative sensor model based on a data-driven
approach. In Section 4, we perform different experiments to compare and validate the
rotational models presented. In Section 5, we carry out 3D-mapping experiments using the
serial manipulator and showcase the adaptability of the presented solution to other robotic
platforms. Finally, in Section 6, we draw conclusions from the results obtained in the study.

2. Sensor Design and Manufacture Process

The prototype presented (Figure 2a) is based on a circular array of 32 whiskers that can
be attached to different robots to map non-structured environments. The main component
of the disk is the whisker sensor, composed of a slender flexible polystyrene rod that is
inserted at one end into a 3D-printed part called a “magnet holder”, where a neodymium
permanent magnet is affixed to the opposite end of this piece. The magnet possesses axial
magnetization, aligning its magnetic field with the Hall effect sensor’s x-axis. The magnet
holder features a spherical contact that is housed inside a silicone structure composed
of two rings that are attached to the disk, as shown in Figure 2b. The dimensions of the
sphere are slightly larger with respect to the silicone structure to ensure the restriction of
the magnet holder inside the rings. The silicone structure allows the magnet holder to
rotate in two planes as the whisker makes contact with a surface.

Figure 2. Whisker disk prototype. (a) The sensor comprises a circular array of 32 whiskers. (b) De-
tailed section view of a single whisker sensor.

Sensor Manufacturing Process

The whisker disk pieces were manufactured using a combination of fused deposition
modeling (FDM) and stereolithography (SLA) printing. The disk structure was printed
using an industrial grade FDM printer (Stratasys, Dimension Elite), while the molds for
the inner cavity of the silicone structure and the magnet holder were printed with a high
resolution SLA printer (Formlabs Form 3B) with a layer thickness of 50 µm.

To manufacture the silicone rings, we first prepared the mold pieces by applying a
silicone release agent and secured them with a set of screws. During the mixing procedure,
the silicone mixture (Zhermack Elite double 22) underwent a two-minute vacuum treatment
to eliminate any potential bubble formation. Following degassing, the mixture was carefully
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injected into the mold. Finally, to guarantee the absence of bubbles within the silicone
structure, the mold was reintroduced into the vacuum chamber and pressurized throughout
the rest of the curing process. This step was repeated for the upper ring, ensuring uniformity
and structural integrity.

Finally, to assemble the whisker disk (Figure 3), we first clamped the two rings with
their respective silicone structure and secured the structure inside the casing that comprises
the disk with a set of screws. To assemble the magnet holder, we glued the magnets to
the rear part and attached the rods to the front part. The magnets used were N52 grade
4mm cylindrical neodymium magnets. The rods selected were 2 mm polystyrene rods.
The magnet holder was then inserted into the silicone rings until the spherical housing
occupied the silicone cavity. Lastly, a Printed Circuit Board (PCB) disk was installed where
the Hall-effect sensors are mounted, ensuring that the corresponding sensor’s X-axis was
collinear to each whisker. It should be noted that since the presented prototype is made
up of 32 whiskers and the selected Hall-effect sensors do not have enough configurable
addresses, it was necessary to include four Inter-Integrated Circuit (I2C) multiplexors
(PCA9548AD) in the PCB.

Figure 3. Whisker disk assembly procedure. First, the silicone base is prepared by injecting the
mixture into the plastic rings. Next, the silicone rings are clamped and assembled into the disk
structure with a set of screws. Finally, the PCB is installed, and the whiskers are inserted through the
silicone ring until the spherical contact reaches its position.

3. Sensor Modeling

In order to determine the sensor model that correctly maps sensor measurements, (Bx,
By, Bz) to rotation angles (θy, θz), we performed a comprehensive modeling procedure
employing analytical and data-driven methodologies.

To collect the necessary data to train and validate both models, we designed and built
a test platform featuring a Universal Robot (UR) UR3e manipulator. The manipulator
gripped a single whisker at its tip and performed randomized movements within its
workspace. The setup is presented in Figure 4, where the sequence of movements is based
on performing pure rotations with respect to the pivot point of the whisker for both angles.
Throughout this process, both the robot’s rotation angles with respect to the whisker and
the sensor measurements for each position were recorded. A demonstration of the data
capture process is available in the Supplementary Video S1.

The whisker workspace was determined by establishing rotational limits for both pos-
sible angles, followed by generating a meshgrid that encompassed all attainable positions.
To facilitate movement to these positions, a Python script was written using UR’s RTDE
python client library [24]. To read the sensor output, a microcontroller was utilized by
running an Arduino routine that averaged the first 16 measurements and, upon request
from the Python script, printed the averaged sensor data.
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Figure 4. Testbed to capture whisker sensor data featuring a UR3e serial manipulator.

3.1. Whisker Rotation Model

To model the expected rotation of the whisker, given the magnetic field measurements,
we considered the relationships provided by the manufacturer to estimate the linear and
rotational movements of the magnet, considering an approximation of the relationship
between the magnetic fluxes of each axis and the orientation of the magnet [25]. The de-
scription of the proposed model and references is presented in Figure 5, where the angles
θy and θz represent the rotation on the y and z axes, O represents the pivot point, M is the
center point of the magnet, and S is the center of the sensitive area of the sensor.

Figure 5. Whisker sensor rotational model description. The whisker can rotate in two different
angles from the pivotal point generating the change in the position and orientation of the magnet
and therefore of the magnetic field felt by the Hall-effect sensor.

The magnet position can be estimated considering the approximation presented in
(1–3), where ~B represents the magnetic flux vector measured by the sensor, and scθy , bθz , bθy

and bθz represent the scaling and bias factors for both bending angles, respectively. Both
scaling factors and biases are adjusted based on experimental data. It is worth noting that
both the earth’s magnetic field and neighboring magnets can affect the magnetic flux of the
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sensor, therefore changing the estimation of the magnet position. However, these effects
resulted in a relatively small impact and were excluded from the model.

~B =
{

Bx By Bz
}

(1)

θz =
atan2

(
By, Bx

)

scθz

− bθz (2)

θy = −
atan2

(
Bz,
√

B2
x + B2

y

)

scθy

− bθy (3)

Once the rotation angles are calculated, assuming that the point of contact between
the whisker and the surface occurs at the tip of the whisker, we can determine an approx-
imate location of the surface point. It should be noted that the error resulting from this
consideration is acceptable for a mining scenario, where the whisker length with respect to
the overall size of the robot is relatively small.

Data-Driven Approach

We decided to implement a data-driven approach based on machine learning al-
gorithms to account for the nonlinearity, variability, and inconsistencies derived from
the whisker sensor manufacturing process. This approach allows us to provide a more
adaptable solution, with the drawback of reducing the explainability of the model.

To select the algorithm that best combines computational cost and accuracy, we carried
out a comparative study. Four state-of-the-art algorithms, Extreme Learning Machine
(ELM), Multilayer Perceptron (MLP), Support Vector Regressor (SVR), and K-Nearest
Neighbors Regressor (KNN-R) were considered based on previous experience. ELM and
MLP are both neural network architectures, but ELM is known for its simplicity and rapid
training [26], while MLP typically involves deeper architectures and backpropagation [27].
SVR is based on the principles of support vector machines, where the model learns the
importance of a variable to characterize the relationship between input and output [28].
The aim is to find a hyperplane that best fits the data, considering a margin around
the predicted values. KNN-R is a non-neural network method that relies on instance
similarity [29].

To compare the algorithms, a sensitivity analysis was performed first to identify the
models that perform the best for each algorithm. The prediction time and precision were
evaluated using the mean absolute error (MAE) and the root mean square error (RMSE)
as the main comparison metrics. A total of 900 points were recorded for a single whisker,
where the rotations for both angles varied between −20◦ and 20◦. The data were divided
in an 85/15 split for training/testing sets, and the algorithms were run on a 1.8 GHz AMD
Ryzen 7 5700U computer with 16 GB RAM, running a Python script.

Observing the results in Table 1, it can be seen that the best balance between the
computational cost and precision is obtained by the ELM. The four models are capable of
predicting the behavior of the whisker given the sensor input. However, the ELM is ranked
the highest in speed and the second in terms of precision, only surpassed by the KNN-R
algorithm. Recognizing the importance of a rapid and lightweight model is essential to
maintain a satisfactory sensing frequency.
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Table 1. Machine learning algorithms comparison.

Whisker
Rotation

ELM
(N_hidden_neurons = 30)

SVR
(C = 8, Epsilon = 0.11)

MLP Single Layer
(N_hidden_neurons = 100)

KNN-R
(N_neighbors = 3)

MAE
[rad]

RMSE
[rad]

Time
[ms]

MAE
[rad]

RMSE
[rad]

Time
[ms]

MAE
[rad]

RMSE
[rad]

Time
[ms]

MAE
[rad]

RMSE
[rad]

Time
[ms]

θz 0.0221 0.0273 0.0453 0.0529 0.0286 0.0364 0.0155 0.0205
θy 0.0364 0.0465

0.1
0.0512 0.0609

1.14
0.0447 0.0609

0.37
0.0230 0.0315

1.05

4. Results and Discussion

Six whiskers were randomly selected and evaluated in terms of the accuracy and
computational cost for both models. The analytical model was fine-tuned with respect
to scaling and bias factors through an optimization procedure using the nonlinear least
squares method, while the data trained a specific ELM neural network algorithm. For each
whisker, a test set of 200 points each was evaluated.

Although both models exhibited highly accurate performance across nearly all whiskers
considered, the data-driven approach outperformed the analytical method in terms of
efficiency. Analyzing Tables 2 and 3, we observe that the predictions of the ELM model are
not only more precise but also faster than those of the analytical model. This efficiency gain
can be explained based on the approximations of the analytical model, where there are no
considerations for imperfection, misalignment, and tolerances in the sensor’s mechanical
design, which introduces challenging-to-model nonlinearities.

Table 2. Calibration for the analytical whisker rotational model.

Model Parameters θz θy

Whisker
scθz

bθz

[rad]
scθy

bθy

[rad]
MAE
[rad]

RMSE
[rad]

R2 MAE
[rad]

RMSE
[rad]

R2
Time
[ms]

w1 2.24 −0.0533 1.66 −0.0228 0.036 0.0489 0.945 0.0514 0.0723 0.8801 0.85

w2 2.44 0.001 1.9 −0.04 0.0352 0.0469 0.9513 0.0577 0.0736 0.8681 0.72

w3 2.27 −0.0321 1.56 0.01 0.0355 0.0477 0.949 0.052 0.0676 0.8973 0.64

w4 2.65 0.054 2.12 0.05 0.0507 0.0702 0.8914 0.0818 0.1057 0.765 0.72

w5 2.54 0.02 2 −0.01 0.0457 0.063 0.9157 0.0593 0.0829 0.8464 0.73

w6 1.97 0.0476 1.5 −0.0834 0.036 0.0489 0.9468 0.0417 0.0557 0.931 0.73

Table 3. Calibration for the data driven whisker rotational model.

θz θy

Whisker MAE
[rad]

RMSE
[rad]

R2 MAE
[rad]

RMSE
[rad]

R2
Time
[ms]

w1 0.040 0.055 0.93 0.024 0.033 0.97 0.46

w2 0.037 0.048 0.94 0.028 0.036 0.97 0.28

w3 0.034 0.042 0.96 0.024 0.030 0.98 0.40

w4 0.048 0.060 0.92 0.028 0.039 0.97 0.47

w5 0.049 0.064 0.91 0.029 0.038 0.97 0.35

w6 0.035 0.046 0.95 0.026 0.033 0.98 0.39

As shown in Figure 6, a comparison is drawn between a finely-tuned analytical model
and a specific ELM applied to a single-whisker dataset. The figure highlights the precision
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of these models within the robot’s captured workspace, presenting MAE and RMSE values
for each cell. Upon observation, it becomes evident that the ELM performs well across
the entire range of the whisker sensor, while the analytical model exhibits higher errors
at higher rotational values. These findings affirm that the analytical model encounters
challenges in predicting higher rotational angles, as nonlinearities are more likely to impact
precision in this context.

In order to extend the model to cover the remaining whiskers, we opted to create a
comprehensive general model for simplicity. This involved combining all the recorded
whisker data into a single dataset. We then tuned and evaluated both analytical and data-
driven models using these unified models. For the analytical model, we determined both
bias and scaling factors by averaging the results presented in Table 2. Regarding the ELM
model, we trained the new model using the combined whisker dataset. This time, we
adopted a 70/30 split for training the ELM, where the total size of the dataset comprises
2094 recordings.

Figure 6. Mean average error and root mean square error comparison between the ELM and analytical
models tuned for a single whisker.

To validate these models, we again compared the prediction and speed of both models
in the test set to ensure that the ELM was not trained with them. Table 4 and Figure 7
present the comparison of both models for the representation of the whisker workspace.
As expected, the ELM model results in a more suitable model, since it presents lower errors
and deviation across the combined whiskers workspace.

Figure 7. Mean average error and root mean square error comparison between the ELM and analytical
models for the combined whisker dataset.
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Consequently, the data-driven approach was chosen to ensure a faster sensor response
given its superior precision and speed. The use of the same neural network trained with
data from the collection of whiskers, along with appropriately scaled input values from
other whiskers, was determined to yield relatively accurate results. However, to improve
the accuracy and reliability of the model, each whisker sensor must undergo a specific
tuning process to address imperfections that arise from the manufacturing process.

Table 4. Whisker rotation model comparison for general models for the combined whisker dataset.

Whisker

Rotation

Angles

Single ELM

(N_hidden_neurons = 30)

Single Analytical Model

(scθz = 2.37, scθy = 1.75

bθz = −0.01, bθy = −0.02 )

MAE

[rad]

RMSE

[rad]
R2 Time

[ms]

MAE

[rad]

RMSE

[rad]
R2 Time

[ms]

θz 0.0352 0.0464 0.95
0.18

0.0505 0.0665 0.90
0.87θy 0.0388 0.0537 0.94 0.0589 0.0833 0.84

5. 3D-Mapping Implementation

After successfully validating the whisker model, we proceeded to implement it for a
3D-mapping scenario. In this occasion, the test platform, shown in Figure 8, incorporates
the whisker disk as the end effector of the Universal Robots UR3e manipulator, while
a rectangular box structure is securely attached to a technical table to mimic the basic
geometry of a mine.

Figure 8. 3D mapping testbed for environment reconstruction. The wood structure represents a
simple section of a mining environment. The surfaces to be mapped are the inner faces of the
wooden box.
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In order to visualize the point cloud produced by the whisker disk, we developed an
application utilizing UR’s ROS2 driver package [30] and Rviz for visualization purposes.
The disk was attached to the UR3e arm to determine its position and orientation in space.
The whiskers were represented using a rigid bar featuring two rotational joints at the pivot
point of the whisker, with each rotation angle determined by the whisker rotational model.

For reading the 3D Hall-effect sensors, an Olimex A64 computer running an Ubuntu
image was programed to execute a routine that verified the proper performance of each
sensor and then published the readings in an ROS2 topic. A custom message was created
to transmit all 32 magnetic field measurements in a single packet. The topic publishing rate
was fixed at 10 Hz.

To generate the point cloud, a node was written to receive the custom whisker message
and convert it into the spatial position of the whisker tip. Before publishing the point cloud,
a condition to filter out non-deflected whiskers was implemented. The condition specified
that the sum of the squares of the rotation angles of the whisker must exceed a threshold to
be included in the point cloud. The threshold was empirically determined as 0.09, which
yielded the best results.

3D-Mapping Experiment

The mapping experiment was carried out by teleoperating the robot arm to ensure
that the whiskers were in contact with the surface being mapped. Figure 9 and Video S1
highlight the generation of the point cloud based on deflected whiskers. This approach
demonstrated good performance in determining the shape and approximate geometry of
the environment.

Figure 9. Environment reconstruction from the 3D-mapping experiment.

The generated point cloud is shown in Figure 10. It reveals an accurate representation
of the box geometry, even though it presents minor errors observed in the central section of
the box. These errors may arise from deflections in the whiskers, causing them to bend to
such a degree that they do not fully return to their nominal shape and are captured by the
point cloud.

To quantify the accuracy of the 3D geometry prediction, we performed additional
mapping experiments and exported and processed the resulting point cloud by applying
a clustering algorithm and implementing a filter based on the Mahalanobis distance to
eliminate outliers. The results of the refined point cloud are presented in Figure 11 and
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Table 5, which confirms the reliability of the proposed method with average errors close
to millimeter precision on almost all surfaces. To obtain the distance difference from each
surface, we projected the captured points onto the closest neighboring surface of the box
and measured the Euclidean distance for each pair of points. Our analysis revealed that the
predicted dimensions of the box measure 42.74 cm × 46.42 cm × 29.11 cm, showing a good
approximation from the actual dimensions of the box (40 cm × 45 cm × 28 cm).

Table 5. Maximum and average errors derived from the post-processed point cloud and the projected
points onto the adjacent box surface.

Box Inner Surface Max Error [m] Mean Error [m]

Left 0.0339 0.0149

Right 0.0394 0.0132

Top 0.022 0.0052

Bottom 0.0593 0.0123

Figure 10. Orthographic views of the generated 3D pointcloud resulting from the mapping experi-
ment.

Finally, it should be noted that the presented solution has been designed to work as
a robotic module that can be adapted to the scaled-down version of the robominer plat-
form [21], to give the robot the ability to map unstructured environments while operating.
However, this concept can be easily adapted to larger mine-ready platforms.
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Figure 11. Three-dimensional point cloud comparison and error estimation between the ground truth
and the prediction of each surface.

6. Conclusions

This study presented the design, modeling, and implementation of a sensor disk
composed of a circular array of 32 whisker sensors for 3D mapping in unstructured en-
vironments. The design of the whisker comprises a plastic piece called a magnet holder,
where a polystyrene rod and N52 permanent magnet are attached, and a 3D Hall-effect
sensor that measures the magnetic flux generated by the magnet. The magnet holder
features a spherical contact that acts as a ball joint. Each magnet holder is housed inside a
silicone structure, and the magnetic sensors are installed on a single PCB.

The whisker was modeled following both analytical and data-driven approaches.
For the analytical model, a series of relationships between the rotation angles and the mag-
netic flux measurements were derived based on the sensor manufacturer recommendations.
To account for misalignment and variability from whisker to whisker, scaling and bias
factors were included into the model and tuned based on experimental data, following a
nonlinear least squares method. For the data collection process, a testbed featuring a UR3e
robot was built to record the rotations of the whisker and the sensor measurements of the
magnetic sensor.

For the data-driven approach, first a model selection process determined which al-
gorithm resulted in the best performance considering both the precision and prediction
time. Four widely used algorithms were considered, and we finally selected the ELM, as it
presented the best balance between speed and accuracy.

To evaluate the performance of the models on the different sensors, six different
whiskers were evaluated for both models. When comparing the results of the models,
it was determined that the data-driven approach resulted in a more robust and faster
performance than the analytical model, since it can account for nonlinearities that are not
present in the analytical model. To account for the remaining sensors, a general model
was developed and tested for both approaches, where the data captured from the recorded
whiskers were merged into a single dataset. After tuning and evaluating the model, it
was determined that the data-driven approach resulted in a more precise and robust
solution. In addition, it was observed that the analytical model had difficulties estimating
the rotational angles for large deflections of the whisker sensor, due to the appearance of
difficult-to-model nonlinearities that are not considered. It is worth noting that to achieve
optimal performance, each whisker must undergo an individual tuning process.

Once the whisker model was validated, the sensor disk was mounted in a serial
manipulator to perform 3D-mapping experiments. A second testbed included a UR3e
manipulator and a rectangular wood box that resembles a simple section of a mine geometry.
The robot arm was teleoperated to map the inner surface of the rectangular box, resulting in
a successful mapping of the geometry, thus validating the sensor capacity to reconstruct 3D
environments. Although the sensing device was tested on a robot manipulator, the simple
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and easily adaptable design can be mounted on different robotic platforms, including
mobile robots.

Recommendations for future developments include improvements to the mechanical
design of the whisker to ensure its return to its nominal shape after bending as well as
the design of new shapes of the whisker sensor to mimic the mole rat snout to improve
the mapping performance in tight corners. Further advancements should also focus on
refining the model to accurately identify contact points along the whisker, particularly
in scenarios involving complex surface interactions, thus enhancing the overall accuracy
and applicability of the system. Other studies can be carried out to generate a smart
autonomous mapping algorithm that optimizes the mapping procedure.

Supplementary Materials: The following supporting information can be downloaded at: https:
//zenodo.org/records/10447310 (accessed on 31 December 2023), Video S1: whisker_demo.mp4.
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Appendix B

Unpublished results

Following the development of the coupling mechanism for the RM2 module and the whisker sensor
disk, further progress has been made, including the implementation of a vision system module to
perform self-assembly maneuvers (P.II) as well as an active sensing mechanism combining the soft
continuum arm (P.II) with the whisker sensor disk (P.III). These developments are additional results
that demonstrate the possibility of performing fully autonomous coupling maneuvers, as well as
exploring another application of the coupling arm, while confirming the modularity of the proposed
sensing disk.

B.1 Vision system for self-assembly mechanism
To autonomously identify the position of a robotic module’s passive interface relative to another mod-
ule’s active interface, a vision system was developed. This vision system features an ESP32CAM, a
compact package that includes an ESP32 microcontroller with Wi-Fi and Bluetooth connectivity, an
integrated camera, and a microSD card slot. The camera can function independently, without the
need for the module’s main control board to perform any tasks. Given the PCB’s size constraints,
the decision was made to develop the vision system as an auxiliary module that can be attached to
the mobile module’s leg mechanism.

Figure B.1: Vision sytem for self-assembly mechanism. The camera module is installed in the leg of a mobile
module, while the passive interface integrates a set of three equally distant ArUco codes.

The passive interface includes three distinct ArUco codes to help determine the pose of the code
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from various angles and orientations. Given that the positions of these codes in relation to the center
is known, the location of the center of the ’passive’ module relative to the center of the ’active’
module can be computed. The final version of the vision system is shown in Figure B.1.

Figure B.2: Graphical representation of the passive port frame calculation as a function of the ArUco codes
detected. A single code is enough to determine the position of the passive port pose.

To determine the pose of the passive port with respect to the camera module, the main board
microcontroller sends a message through I2C to trigger the camera module. Next, the module
captures an image of the passive port and sends it by WiFi using a TCP protocol to the main control,
in this case a PC. The computer then runs a single script using OpenCV and ArUco libraries to
determine the pose of the passive port with respect to the camera frame as shown in Figure B.2.
Finally, using the mobile module kinematic model, the camera frame is transformed to the coupling
mechanism frame to provide the desired point that the mechanism needs to reach. At this point, the
inverse kinematic model of the arm calculates the rack extension for each section to drive the arm to
the position. It is important to note that the model had to be re-trained with a new set of data that
considered weight and gravity effects of the end effector.

Figure B.3: Self-assembly coupling maneuver between two mobile modules.

Once the new model was validated, a sequence of coupling operations was conducted to assess
the vision system and the arm model’s performance. To carry out the self-assembly operation, a
coupling message is initially sent from the central control station to the mobile module. Following
this, the ESP32CAM module begins to capture and transmit images to the control station. The
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control station then processes the images to determine the current position of the passive interface
relative to the coupling head and computes the required rack extension to reach the target point.
This cycle continues until the coupling interface is close enough to the threshold of the coupling
interface, triggering the initiation of the docking maneuver. Once the claws and T-profiles secure the
connection with the module, it is retracted to the first module to finalize the coupling operation. An
example of the coupling maneuver is presented in Figure B.3.

B.2 Active sensing mechanism
The active sensing mechanism allows the RM2 robotic system (P.I) to perform mapping tasks,
integrating the soft continuum arm (P.II) with the whisker disk sensing module (P.III), seamlessly
linked to the robot through an integrated coupling interface within the arm. In this case, the soft
telescopic continuum arm is utilized as a 5 DoF (X, Y, Z, Pitch, & Roll) manipulator to guide the
disk to the desired position.

Figure B.4: Active Sensing Mechanism description. (a) The active sensing mechanism can improve the
navigation capabilities of the modular platforms in underground mine environments. (b) The
mechanism comprises a soft robotic arm embedded into the structure of a robotic module with
an integrated sensing disk as the end effector

B.2.1 Mechanism modeling
To model the active mechanism, a data-driven approach was chosen. This contrasts with the model-
based method used in P.II, which assumes a constant curvature in the arm’s virtual backbone. This
model is generally accurate when the effects of weight and gravity on the arm’s behavior are minimal.
However, when extra weight is added to the arm’s tip, the bending effects on the racks become more
significant, leading to different curvatures in various sections of the arm. To address these complex
nonlinearities, a machine learning algorithm was employed to solve the direct kinematic problem,
enabling the determination of the disk’s position in 3D space. This section details the approach
taken, explaining the data collection and modeling process used to solve the kinematic problem for
the active sensing prototype.
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B.2.1.1 Data capture procedure

Figure B.5: (Left) Data collection testbed affixed to the robotic module to capture the position and orientation
of the tip of the Active Sensing Mechanism. (Right) Active sensing mechanism workspace
derived from the data capture procedure. The top view is the XY plane, while the bottom shows
the XZ plane. Each point represents the midpoint of the whisker disk.

For the data collection process, a similar process was followed to the one described in Publication
P.II, where an RGB camera was mounted on an external structure affixed to the robot side (Figure
B.5 Left). However, in this occasion, the pose of the disk is captured considering the effect of gravity.
This arrangement facilitated the camera’s positioning towards the area accessible by the soft arm’s
end effector, enabling the capture of its position and orientation using ArUco codes. Orientation was
represented using quaternions in radians, while position was captured as a 3D vector in meters. In
addition, the rack extensions were recorded in millimeters based on input from motor encoders. The
resulting workspace, derived from the collected data (6660 points), is shown in Figure B.5 right.

B.2.1.2 Arm modeling

After gathering and pre-processing all the data, a thorough model selection process was undertaken,
comparing various machine learning algorithms. Drawing from prior experience, the selection
encompassed a Multilayer Perceptron (MLP), an Extreme Learning Machine (ELM), and a K-
Nearest Neighbors Regressor (K-NNR) algorithm. To ensure the identification of the best-performing
model, each algorithm was fine-tuned to achieve optimal accuracy and speed. The evaluation metrics
used were the root mean square error (RMSE), mean absolute error (MAE), and average prediction
time (∆t). Examining the outcomes from comparison Table B.1, it is evident that the MLP model
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surpasses the other methods in accuracy. Despite not being the quickest in terms of speed, the MLP
model lags only 13.7% behind the fastest model (ELM). Thus, the MLP was chosen as the final
model for the mechanism..

Table B.1: Comparison of machine learning algorithms. Each algorithm was evaluated using the same test
set.

Single layer MLP (150 neurons) ELM (250 neurons) K-NNR (8 neighbors)
RMSE MAE time [ms] RMSE MAE time [ms] RMSE MAE time [ms]

angle[deg] 0.94 0.89 2.04 4.12 4.42 19.52
X [mm] 1.21 0.95 2.33 1.80 5.04 3.85
Y [mm] 1.65 1.03 2.56 1.84 5.15 3.82
Z [mm] 1.45 0.97

11.6

2.95 2.11

10.2

2.72 2.07

97.4

B.2.1.3 Validation

Following the selection of the machine learning algorithm, a validation test was conducted. This
test consisted of comparing a series of movements with the predictions made by the algorithm. The
assessed maneuver involved vertical movements, with the positional data for this specific series
being compared to the neural network’s output as illustrated in Figure B.6. The corresponding data is
also presented in Table B.2, where the machine learning algorithm demonstrates precise predictions
of the arm tip’s position and orientation, showing a maximum average deviation of 3.5 mm in all
dimensions and an average angular deviation of 6 degrees.

Table B.2: Results for the validation of the NN

Angle [deg] X[mm] Y[mm] Z[mm]
RMSE 2.50 2.80 3.50 1.20
MAE 6.24 2.30 3.30 1.00

Figure B.6: Validation test for the Forward Kinematics comparing the position of the center of the disk (green
triangle) against the data predicted by the NN (red circles).
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B.2.2 3D Mapping experiments

To test the mapping capabilities of the mechanism a simple geometric feature, a 45 degree corner of
a hollow box, was selected. The testbed is presented in Fig. B.7, where the robot is fixed on a stand
and the active-sensing mechanism is controlled through a pre-programmed sequence. To visualize
the resulting pointcloud, first the position of the whisker disk is published by writing a ros node that
reads the arm servomotors and converts the rack extensions into positions using the developed neural
network. In parallel, the whisker data are published in a topic using an olimex computer. Lastly,
a ROS package subscribes to both topics, maps the input of the whiskers to the resulting bending
angle of each whisker following the approach in Section 4.3, where the pointcloud is captured when
the whisker experiences a bending angle larger than an empirically determined threshold value. This
measure is used to filter noisy data, with the drawback of affecting the responsiveness of the whisker.

Figure B.7: 3D mapping testbed setup and mapping experiment. The active sensing mechanism is guided
towards the lower right corner of the box to perform environment reconstruction tasks.

Figures B.8, B.9 and Table B.3 show the results of the filtered point cloud, validating the accuracy of
the proposed method with average errors around one centimeter level on most surfaces. To calculate
the distance discrepancies for each surface, points were projected onto the nearest surface of the box,
and the Euclidean distances between point pairs were computed. Compared to the results presented
in 4.5, it can be seen that the performance is similar, validating the functionality of the soft robot
arm as a manipulator to drive the sensing disk.

Table B.3: Maximum and average errors derived from the post-processed point cloud of the active mechanism
and the projected points onto the adjacent box surface.

Box Inner Surface Max Error [mm] Mean Error [mm]
Right 3.59 1.34

Inclined 32.98 11.87
Bottom 47.22 19.26
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Figure B.8: Resulting pointcloud from mapped corner. The left view present an ISO view of the pointcloud,
while the right subfigure presents a frontal view of the resultint pointcloud.

Figure B.9: Distance between bottom, inclined and horizontal planes and the clustered point located within
this planes. The error metric is the projected distance from the point and the plane.
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Novák, P., Kot, T., Babjak, J., Konečný, Z., Moczulski, W., & Rodriguez López, Á. (2018). Imple-
mentation of explosion safety regulations in design of a mobile robot for coal mines. Applied
Sciences, 8(11). https://doi.org/10.3390/app8112300

Ohradzansky, M., Rush, E., Riley, D., Mills, A., Ahmad, S., McGuire, S., Biggie, H., Harlow,
K., Miles, M., Frew, E., Heckman, C., & Humbert, J. (2022). Multi-agent autonomy: Ad-
vancements and challenges in subterranean exploration. Field Robotics, 2, 1068–1104.
https://doi.org/10.55417/fr.2022035

Park, T., Lewin, G., & Buffenstein, R. (2010). Naked mole rats: Their extraordinary sensory world. In
M. D. Breed & J. Moore (Eds.), Encyclopedia of animal behavior (pp. 505–512). Academic
Press. https://doi.org/10.1016/B978-0-08-045337-8.00152-2

Pearson, M. J., Fox, C., Sullivan, J. C., Prescott, T. J., Pipe, T., & Mitchinson, B. (2013). Simultaneous
localisation and mapping on a multi-degree of freedom biomimetic whiskered robot. 2013
IEEE International Conference on Robotics and Automation, 586–592. https://doi.org/10.
1109/ICRA.2013.6630633

Pearson, M. J., Mitchinson, B., Sullivan, J. C., Pipe, A. G., & Prescott, T. J. (2011). Biomimetic
vibrissal sensing for robots. Philosophical Transactions of the Royal Society B: Biological
Sciences, 366(1581), 3085–3096. https://doi.org/10.1098/rstb.2011.0164

Pearson, M. J., Mitchinson, B., Welsby, J., Pipe, T., & Prescott, T. J. (2010). Scratchbot: Active
tactile sensing in a whiskered mobile robot. In S. Doncieux, B. Girard, A. Guillot, J. Hallam,
J.-A. Meyer, & J.-B. Mouret (Eds.), From animals to animats 11 (pp. 93–103). Springer
Berlin Heidelberg.

Pearson, M. J., Pipe, A. G., Melhuish, C., Mitchinson, B., & Prescott, T. J. (2007). Whiskerbot: A
robotic active touch system modeled on the rat whisker sensory system. Adaptive Behavior,
15(3), 223–240. https://doi.org/10.1177/1059712307082089

Pearson, M. J., & Salman, M. (2019). Active whisker placement and exploration for rapid object
recognition. 2019 IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS), 672–677. https://doi.org/10.1109/IROS40897.2019.8968517

Piho, L., Gkliva, R., Remmas, W., Godon, S., Ristolainen, A., Burlet, C., Stasi, G., Hakonen, K.,
Gomez, V., Aguado, E., Milanov, M., van Moerkerk, H., Nikolov, K., Milosevic, Z., & Sanz,
R. (2023). Robominers deliverable 4.2: Report on perception, sensor-fusion software and
navigation software (tech. rep.). ROBOMINERS.

Pinkse, T., Quensel, R., John, S., Müller, B., Berner, M., Henley, S., Morrish, C., Tweedie, J., &
Milanov, M. (2022). Robominers deliverable 5.4: Mining analogues & upstream/downstream
mining processes (tech. rep.). ROBOMINERS.

Pinto, M. T., Žibret, G., Lopes, L., Bodo, B., & Zajzon, N. (2020). Unexup: Robot-based exploration
technology for underground flooded mines. Advances in Geosciences, 54, 109–117. https:
//doi.org/10.5194/adgeo-54-109-2020

Plotnikov, N. S., Kolokoltseva, E. U., & Volkova, Y. V. (2020). Technical review of robotic complexes
for underground mining. IOP Conference Series: Earth and Environmental Science, 459(4),
042025. https://doi.org/10.1088/1755-1315/459/4/042025

Prescott, T. J., Pearson, M. J., Mitchinson, B., Sullivan, J. W., & Pipe, A. G. (2009). Whisking with
robots. IEEE Robotics & Automation Magazine, 16(3), 42–50. https://doi.org/10.1109/MRA.
2009.933624

157

https://doi.org/10.3390/app8112300
https://doi.org/10.55417/fr.2022035
https://doi.org/10.1016/B978-0-08-045337-8.00152-2
https://doi.org/10.1109/ICRA.2013.6630633
https://doi.org/10.1109/ICRA.2013.6630633
https://doi.org/10.1098/rstb.2011.0164
https://doi.org/10.1177/1059712307082089
https://doi.org/10.1109/IROS40897.2019.8968517
https://doi.org/10.5194/adgeo-54-109-2020
https://doi.org/10.5194/adgeo-54-109-2020
https://doi.org/10.1088/1755-1315/459/4/042025
https://doi.org/10.1109/MRA.2009.933624
https://doi.org/10.1109/MRA.2009.933624


Virgilio Augusto Gomez Lambo

Ralston, J. C., & Hainsworth, D. W. (1998). The numbat: A remotely controlled mine emergency
response vehicle. In A. Zelinsky (Ed.), Field and service robotics (pp. 53–59). Springer
London.

Ramezani, M., Khosoussi, K., Catt, G., Moghadam, P., Williams, J., Borges, P., Pauling, F., &
Kottege, N. (2022). Wildcat: Online continuous-time 3d lidar-inertial slam.

Reddy, A. H., Kalyan, B., & Murthy, C. S. (2015). Mine rescue robot system – a review [Global
Challenges, Policy Framework & Sustainable Development for Mining of Mineral and Fossil
Energy Resources (GCPF:2015–20)]. Procedia Earth and Planetary Science, 11, 457–462.
https://doi.org/https://doi.org/10.1016/j.proeps.2015.06.045

Rogers, W. P., Kahraman, M. M., Drews, F. A., Powell, K., Haight, J. M., Wang, Y., Baxla, K., &
Sobalkar, M. (2019). Automation in the mining industry: Review of technology, systems,
human factors, and political risk. Min. Metall. Explor., 36, 607–631. https://doi.org/10.1007/
s42461-019-0094-2
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