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Trajectory error compensation for optimal control of UMA-2 — a
climbing robot executing maintenance operation in harsh
environment.

D. Gitardi!, S. Sabbadini' and A. Valente'

Abstract — UMA-2 is a wheeled mobile platform equipped
with a vacuum adhesion system, eight actuated joints and four
passive ones, designed to climb vertical and curved surfaces. The
platform can perform maintenance tasks such as corrosion
removal and cleaning with grinding while climbing. The quality
of the repairing process is largely affected by grinding process
parameters including tool forces, toolpath and the robot
trajectory accuracy. The current work introduces a trajectory
analysis and adaptation model to control the UMA-2 platform to
ensure specific surface quality KPIs and incorporating the
effects of robot compliancy. The proposed trajectory analysis
has been extensively validated through experimental campaigns
representative of maintenance in wind power industry.

[. INTRODUCTION

The maintenance of surfaces is predominantly performed
through manual processes by highly skilled human operators
who often work in harsh conditions, such as extreme weather,
and are exposed to significant risks to their safety and health
[1-4]. During manual execution, the operator applies varying
force to the grinding tool and adjusts the pressure and overlaps
between single grinding tracks based on coarse visual
feedback from the surface quality and fine analysis using a
laser-based roughness sensor. This refurbishment of the
surface is performed on vertical surfaces, such as wind turbine
pillars, whose curvature may vary.

Figure 1.  Example of grinding process in harsh working conditions.

Transitioning such a complex task to an automatic robotic
platform, presents several challenges, which include: 1)
ensuring a grinding trajectory and associated parameters such
as depth of cut/grinding force and feed, to target specific
quality Key Performance Indicators (KPIs); 2) integrating the
tool into a platform that can climb wind turbine pillars made
of both metal and concrete surfaces; 3) ensuring that the robot
Degrees of Freedom (DoF) and compliancy are as such to
accommodate variable surface geometry while accurately
following the trajectory required to operate the tool. A
multitude of research and commercial robots have been

* The research has been partially funded by the EU project AVANGARD.
Grant agreement no: 869986.

! The authors are with the Automation Robots and Machines (ARM)
Laboratory at SUPSI — University of Applied Science and Arts of Southern

979-8-3503-2365-8/23/$31.00 ©2023 IEEE

recently developed for climbing applications, typically
remotely controlled by operators, using both adhesion and
locomotion technologies [5-7]. Vacuum-based robots are
typically designed for very low payloads and primarily used
for inspection application [8-10]. Robots using magnetic
adhesion systems can achieve higher adhesion force and
reduce slippage [11-12] but they are limited to ferrous
materials. In general, the available solutions are all severely
limited by the presence of surface asperities, which could
cause the robot to lose contact and the consequent risk to result
in critical failures. Specific sensing infrastructures and
trajectory control/adaptation models are of instrumental
importance for robotic platforms to navigate surfaces [13-19].
Some applications compensate for trajectory errors through
linearized tracking error and vision-based control [20-22], but
most current approaches and mobile platforms primarily target
inspection tasks. Introducing manufacturing technologies,
such as grinding and surface brushing, triggers additional
challenges for the robot (e.g. payload, battery autonomy, and
DoFs) and process optimization. In grinding, key parameters
to control include tool contact force, tool rotation speed, and
feed rate [23-25], which are optimized with respect to robot
compliancy. Examples of process parameters optimization are
executed via Proportional-Integral with Velocity feedback
(PIV) and Proportional with Feedforward (P + FF) algorithms,
[26-27]. The work outlines a trajectory error compensation
model for UMA-2, which is an intrinsically compliant
structure operating in a kinematically redundant configuration
in order to target a grinding tool trajectory that would match
KPIs of surface quality. The paper is structured as follows:
Sec. II describes UM A-2 robotic platform; Sec. III outlines the
trajectory control approach; Sec. IV describes the empirical
assessment of the robot trajectory; Sec. V presents the
experimental tests and results; Sec. VI summarizes the
conclusion and anticipates future works.

II. UMA-2 ROBOTIC PLATFORM

A. Robot architecture

The UMA-2 robot (Fig. 2a) is conceived as a wheel-based
mobile platform with a kinematically redundant configuration
that combines eight actuated axes, four passive axes, and a
flexible vacuum system to climb curved surfaces. The robot
infrastructure enables climbing via suction technology but,
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most importantly, the movement across surfaces whose
curvature can vary from planar to 4 m diameter. In addition to
that, the robot can overcome steps up to 10 mm. The robot
presents 950x730x300 mm dimensions with a central area
(300x550x160 mm) holding the grinding tool (or any end
effector) integrated on a linear axis (Fig. 2b). The robot
weights 70 kg and mounts: four-wheel modules (32 kg); six
vacuum chambers (8 kg); an aluminium body (5 kg); 24V and
50Ah battery (10 kg); electronics, sensors, control element,
and maintenance system (15 kg).

Grinding tool

Linear encoder
Ball screw system

Motor driver

Motor and
transmission

Figure 2. UMA-2 platform prototype (a) and tooling system (b).

The body is conceived as an aluminium 6061 plate whose
shape and thickness are designed through an iterative process
described in [28]. The four-wheel modules are rigidly
connected at a 90° angle to the main body axis. Each wheel
module (Fig. 3a) presents two serial actuated joints: DoF1 —
driving joint — is enabled by a high torque motor (51 Nm)
directly connected to a vulcanized rubber wheel performing
its axial rotation; DoF2 — steering joint — consists of a
brushless motor (32 Nm) connected to the pulley transmission
which actuates the radial wheel rotation. A third passive joint
DoF3 — tilting joint — adapts via damping the wheel offset

across the surface curvature.
b) Tilting joint
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Figure 3. UMA-2 (a) wheel module and (b) vacuum chamber.

Along with the wheel modules, the body hosts a linear axis
and a vacuum adhesion system based on a patented concept
of adaptable vacuum chambers (Fig. 3b) [29]. Each vacuum
chamber consists of a mechanical flange on top of which a
tilting joint, rigidly connected to the robot body, ensures the
perpendicular position of the chamber with respect to the
external surface. The bottom part of the flange integrates four
sliding guides with compression springs. The spring-based
system connects the vacuum chamber to the body with three
main structural advantages: 1) high normal force to the wheels
while ensuring the climbing traction; 2) controlled sealing
force; 3) robustness to surface asperity without generating
high stresses on the robot frame. The embedded tool system
(Fig. 2b) consists of a linear axis featuring a maximum stroke
of 450 mm and a 2 Nm DC motor connected — through a
pulley mechanism (i=2) — to a ball screw driving element
rigidly joined with the robot body and a central tool flange.

B. UMA-2 Electric systems and control architecture

The selection of the electronics and auxiliary systems of
UMA-2 robot represents a compromise among performances,

size, and energy consumption. The control of the joints relies
upon Everest XCR EtherCAT DC Servo Drives, an ultra-
compact (42x29x23 mm) high-power density (50 A) motor
controller. The drives are embedded in the wheels, thus
reducing electrical noise and the risks of signal losses. The
use of DS402 motion control profile allows sending of real-
time target position information from the robot controller to
each drive in CSP (Cyclic Synchronous Position) mode and
precisely synchronizes the motion of the eight joints of the
robot. The developed robot controller includes 2 Intel NUC
PCs connected over an internal Gigabit Ethernet network to
share the computational loads of motion, navigation, and
maintenance tasks. The control architecture and kinematics
are implemented in the first NUC PC that controls in real-time
the motion of UMA-2. The second NUC hosts the odometry
system of the robot elaborating the data coming from
proprioceptive and exteroceptive sensors. Both PCs use low-
latency patched Ubuntu 18.04 as operating system on the top
of which ROS (Robot Operating System) is implemented to
manage the data communications between the processes.
Along with the control PCs, the robot embeds a battery pack
—used to supply 24V to the control PCs, XCR drivers, and the
six vacuum pumps — made of 8 LiFePO4 cells serially
connected to a Battery Management System. The latter
ensures a power source of 24V and 50Ah, 5.5 hours of
autonomy, and a total weight of 10 kg (Sec. V).

III. TRAJECTORY CONTROL APPROACH

A. Trajectory optimization model for vertical grinding.

While grinding a patch, the end-effector can execute a
number of alternative trajectories. The current work focuses
on the easiest zigzag (or raster) trajectory as a baseline. Such
a choice is motivated by the need to isolate the contribution
of the robot’s positioning accuracy from the nominal-actual
process trajectory gap (without introducing complexity
generated by toolpath strategies). Fig. 4 shows an example of
drifting phenomena of uncontrolled robot trajectory (red)
with respect to the nominal raster toolpath (black) that results
in a poorly grinded patch.
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Figure 4.

The proposed trajectory optimization model (Fig. 5) aims
to persistently adapt the robot master trajectory (box 3) in
order to match the grinding process strategy (box 2). The
nominal repairing path (to be executed at TCP level) results
from the set of surface quality KPIs (box 1) — such as surface
roughness — and processing strategies (e.g. thick single
grinding layer vs multiple thin grinding layers). The TCP
trajectory is matched to a robot master trajectory and runs in
a redundant manner: the toolpath is discretized into a set of
points whose coordinates are mapped — via a custom inverse
kinematic model — to the joints’ reference frames. The process

Example of trajectory drifting for grinding process.
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dynamics (grinding feed) are then translated into specific
motion strategies for the wheels correctly processed by the
low-level control (box 4). However, the aforementioned robot
master trajectory is only nominal and it is expected to differ
from the actual one. Potential trajectory errors are partially
associated to the specific status of the surface (generated by
corrosion and biological phenomena). A further contribution
is to be associated to the robot compliancy that induces
positioning accuracy errors. This latter aspect is analysed by
running an empirical testing campaign on a quite regular
surface (to minimize the surface asperity related
contribution). The key idea is to track errors by executing a
large set of movements across the vertical direction
(contribution of gravity and robot weight on the main robot
symmetry axis), the tangent direction (contribution of gravity
and robot weight on the second robot symmetry axis) and
hybrid combinations of the first two. The measurement
method of the error (box 5) between nominal and actual
trajectories is described in Sec. IV. Such extensive analysis
will lead to the generation of correction coefficients to
generate an adapted trajectory (box 6) by integrating them at
the control level.

[~ Grinding 2 TCP path and
1 | porameters Grinding coordinates | 3 Robot trajectory
g strategy _ planning
- Trajectory
g Surface quality T optimization lluints coordinates
s 7 Metrology 4 Low level motion
o check parameter
& Compliant errors T Climbing movement
8 T Trajectory B
S 5 Deviation error control Adapted
Process assessment trajectory
Figure 5.  Trajectory control model of UMA-2 robot.

B. Force equilibrium of vertical grinding task.

For every discrete point composing the toolpath trajectory,
the overall process- and robot-related forces should reach a
quasi-static equilibrium (Fig. 6).

Climbing direction

Figure 6.

Force scheme of a wheel-based climbing robot.

The variables of the system are: the perpendicular contact
force of both the wheel N,, and vacuum elements N, the total
adhesion force F,, the tool force F;, and the driving force Fy,.
The system of equations across the perpendicular axis Z and
longitudinal axis X of the surface is described by (1) and (2).

, . P+Ry,
Fp =1 Ny jt, +j Nerp+ g M
j-Fy,= F.+1i-N, -cos(a)+j- N, cos(y) 2)

Where: i and j represent the number of robot wheels and
suction elements (respectively equal to 4 and 6); p is the
friction coefficient of vacuum element; p, is the rolling
friction coefficient of the wheels; R,, is the robot weight; P is

the payload; g the constant of gravity; B is the inclination of
robot body; a is the contact angle between the locomotion
system and the surface; y is the contact angle of each vacuum
chamber with the surface as function of surface curvature.
Equation (3) describes the relation of the vacuum force with
the perpendicular reaction forces generated by the wheels and
the adhesion elements. As shown in Fig. 7, the reaction force
of each vacuum element is equal to the total spring elastic
constant K; multiplied by the displacement Al of the chamber
when the vacuum system is activated.

Vacuum disable

Vacuum activated

Figure 7. Schematic of force distribution on wheel and vacuum elements.

F,=i-Ny,+j-N, with N,=K-Al (3)

Equation (4) describes the grinding force F, [30-32] in
function of the material removal rate MRR, the feed velocity
v, and the empirical Preston coefficient k,,.

Ft — MRR (4)

Kpvr

The minimum driving torque T,..4 needed for the wheels to
climb a vertical wall can be expressed as the sum of the static
torque T (force Fp multiplied by the wheel radius r) and the
dynamic torque T,;, which represents the torque necessary to
accelerate the robot to the nominal velocity. Equation (6)
describes the minimum torque, considering the static and
dynamic contribution.

Treq = TS + Td (5)
Treq =71 (Fp+ Faee) (6)

Where F,. is the acceleration force of the robot. In order
to control the climbing direction, the steering joint is used to
achieve the radial rotation of the wheel. The required torque
TT;.¢q can be computed as the product of the reaction force N,,
between the wheel and the wall multiplied by the friction
coefficient p , and the wheel width W, as described by (7).

Thheq = Ny * W, - 0.5 - W (7)

The listed equations analytically determine the required
torque necessary by the joints to perform a grinding task for
different position and orientations. For instance, given the
UMA-2 configuration (Sec. II) and the variable values listed
in Tab. I, a vertical grinding task with 150 mm/s as feed rate
require a theoretical adhesion force of 2000 N and nominal
axial and radial torques respectively of 37 Nm and 30 Nm.

TABLE 1. ASSUMED VARIABLE VALUES FOR MAXIMUM TORQUE AND
ADHESION FORCE ESTIMATION.
Variable Ky Wy u P [kg] K, [N/mm] Alfmm]
Value 0.5 0.05 0.95 10 5.34 15

IV. EMPIRICAL ASSESSMENT OF THE ROBOT TRAJECTORY

The force equilibrium will lead to a specific set of motion
parameters that are computed by assuming that the robotic
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platform is not affected by any movement error. In this section,
the authors address this very aspect by proposing an empirical
approach for measuring trajectory errors. In detail, the robot is
commanded to execute a specific set of trajectories that
capture the key manoeuvring challenges, and an absolute
calibration system measures the robot’s position in the
Cartesian space (Leica absolute tracker AT960-MR). The
campaign is executed on vertical curved steel and flat concrete
surfaces without running the grinding process. The empirical
study is split into a set of Experimental Tests (ETs).

ET1 - tool contact force — targets the analysis of the robot
contact force on the grinding tool. The analysis consists in
evaluating the capability of the vacuum system to provide
adaptable and controllable adhesion forces as a reaction to the
grinding process (i.e. robustly compensating the grinding
force). The system is tested both in static conditions (static
analysis) and during climbing movements (dynamic analysis)
on steel and concrete surfaces.

ET2 - linear climbing movement — analyse the drifting
errors of the robot while performing a simple vertical climbing
movement. The execution of a linear vertical movement of
about 4 m with different climbing velocities (from 140 to 280
mm/s) and incremental payloads (up to 20 kg). The testing
campaign allows isolating the effect of the robot compliance
on the trajectory accuracy in vertical climbing.

ET3 - grinding cycle — targets the most complex set of
tasks where the tool executes multiple overlapped linear
grinding operations while following the master nominal
trajectory. The drifting errors related to the robot manoeuvre
to move the grinding tool from the first vertical grinding
operation to the next one. The movement combines the
rotation of both driving and steering joints to perform: 1) linear
climbing trajectory A; 2) static wheel orientation B; 3) angled
climbing trajectory C (Fig. 8).

Passive safety i
system A

i
1
3
i
~
Concrete LS
* surface \

Curved steel
surface

—_ UMA robot
| Flat steel — ¥ —

surface Grinding Tool Master
operation  trajectory trajectory

Experimental setup (a) and proposed grinding cycle (b).

Figure 8.

Four key KPIs are considered for the empirical assessment.
KPI1 regards the perpendicular force generated by the vacuum
system as the maximum reaction for the grinding tool.
Knowing the minimum vacuum level and the dimension of the
chamber, the vacuum adhesion force is computed as the
projected area multiplied by the relative vacuum value. The
KPI 2 — trajectory deviation error — determines the mismatch
between the nominal and actual master trajectories via the
absolute tracker. The KPI 3 — joints power consumption — is
used to monitor the required power absorbed by the actuators
during the climbing movement to appreciate potential slippage
phenomena. The power consumption includes the motor
current, torque constant, and angular velocity recorded by
Everest EXR Drive. Along with trajectory-wise KPIs, an
analysis of the robot autonomy — as KPI 4 — is also considered
to investigate what is the versatility of the platform to execute

multiple alternative processes (some longer than others and
therefore more critical with regard to the battery autonomy). A
smart shunt resistor is used to record both the state of charge
and voltage of the battery pack. The proposed KPIs are all
evaluated by sampling signals every 100 ms; the acquired data
are successively imported, filtered by Butterworth filter, and
processed in Matlab.

V. EXPERIMENTAL TESTS AND RESULTS

The current section outlines the results associated with the
overall approach. In particular, three key aspects have been
extensively tested with respect to the use case outlined in the
previous section: 1) maximum adhesion force; 2) slippage
issues and actuators’ power; 3) robot trajectory drifting error.

A. Acceptable grinding force.

The first testing campaign targets the evaluation of the
robot’s performance enabling the generation of a controlled
adhesion force, i.e. the optimal contact force of the tool. The
analysis is carried out considering the experimental tests ET1
and the results are evaluated against the KPI1. Fig. 10 shows
the adhesion force in static and dynamic conditions for a
single vacuum cup controlled with different voltage values on
both concrete (Fig. 9a) and steel surfaces (Fig. 9b). Each point
of the chart is computed as the mean of 10 repetitions.
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Figure 9. Maximum vacuum force for different supply voltage in static

and dynamic conditions: (a) concrete surface; (b) steel surface.

Tab. II lists the transition time required by the vacuum
system to evacuate the air inside the chamber (at ambient
pressure) and the maximum grinding force applicable to the
robot. By assuming a minimum contact force of the wheel
necessary to guarantee the climbing movement of the robot —
empirically estimated at about 1960 N for concrete and 1930
N for steel — it is possible to cover a quite broad range of
grinding forces as listed in Tab. II. UMA-2 platform ensures
to handle high grinding forces ranging from about 3850 N to
4600 N thus covering a wide range of grinding applications
(e.g. roughing and finishing) characterized by different
cutting depth and grinding pressure values.

TABLE IL ACCEPTABLE FORCE FOR GRINDING PROCESS.
Concrete Steel
A;;g;dt;;l;le Ti rfmsition A;:;‘%Zgle trtfnsition
force [N] time [s] force [N] time [s]
| [ 2 - - 3852 8.6
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2.5 - - 4134 6.4
Control | 3 - - 4302 4.8
Voltage | 3.5 3920 4.5 4434 4.3
Vo) 4 4070 4.1 4584 39
v 4.5 4070 34 4674 34

5 4520 3.5 4674 3

B. Trajectory behaviour in linear climbing

The movement accuracy of UMA-2 is assessed through an
empirical estimation of the trajectory error while performing
the vertical climbing movement. The experimental tests are
carried out according to the ET2 and the results are analysed
against the KPI2 and KPI3 (Sec. IV). This implies computing
the trajectory errors along the vertical axis Z, which is the main
moving direction (errors along the Y axis are not significant
according to a sensitivity analysis). The experiments show that
the trajectory of the robot is affected by the payload carried
respectively by the platform, the climbing velocity, and the
adhesion force generated by the vacuum system. The statistical
significance of the error is assessed through a linear regression
analysis with a confidence level of 95% and three regressor
parameters: driving speed, control voltage of vacuum cup V,
and payload P. The regression model is based on 216 samples
(points of the discretized actual master trajectory that are
compared to the nominal ones). The validity of the regression
is guaranteed by p-values lower than the significant levels
together with a high value of R-square as shown in Tab. III.

TABLE IIL REGRESSION MODELS OF LINEAR CLIMBING TRAJECTORY.
Linear regression model equation
y = Intercept + B, V+ By - V. + B, - P

Axis | Estimate coefficient | RMSE p-Val R

Intercept = —101.4
B~ 26,510 By = 0.69
Z v P =703 6.01 By - 4-10720 0.80
B, =-118 Bp—~8-107

The regression model shows that the control voltage and
payload are the most significant parameters affecting the
movement accuracy along the climbing direction. In detail, for
every kg of equipment added to the robot, the trajectory error
increases by 1.18 mm while every 1 V increment steps of the
control voltage reduce the error of 7.05 mm. Such error can be
attributed to two main aspects of the robot: 1) any increment
of the payload carried by the robot requires higher torque at
the wheel, thus increasing the slippages; 2) a non-uniform
distribution of the contact force on the four wheels drives to
asymmetric climbing forces and affects the trajectory
accuracy. Such behaviour is confirmed by looking at the
power consumption of the driving motors. Fig. 10 and 11 show
respectively the results of the driving motor power for flat
concrete and curved steel surfaces. Each box of Fig. 10a
represents the mean driving power consumption and its
deviation. The mean power of each test is computed
considering the contribution of every single motor and their
data distribution (Fig. 10b and Fig. 10c). Fig. 10a outlines an
increasing power consumption for every increment of the
climbing velocity and almost similar mean power values while
increasing the payload. Moreover, the outlier points of some
boxes relate to a non-uniform distribution of the power among
the four driving joints (Fig. 10b). Such difference in power
could be related to a non-uniform distribution of the
perpendicular force on the four-wheel modules; it gets worse

in case of slippage on the surface as described by peaks and
valleys in the single motor power data (Fig. 10c).
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Figure 10. Power consumption while climbing concrete surface: (a)
average value. (b) wheel axes contribution: (¢) raw power data.

When approaching the steel surfaces, the curved shape
allows to achieve a more uniform distribution of the contact
force and power on the wheel (Fig. 11b) thus reducing the
deviation of the data (Fig. 11a). Moreover, the higher rolling
and traction coefficients between the wheel and the steel
surface reduces slippage by decreasing the data fluctuations.
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Figure 11. Power consumption while climbing steel surface:
(a) average value, (b) wheel axes contribution.

C. UMA-2 compliancy across the grinding cycle

This section presents the trajectory errors of the platform to
perform the complex set of tasks presented in the ET3. The
experimental results are analysed against the KPI2, KPI3, and
KPI4 (Sec. IV). As for the analysis of pure linear movement,
also in this case the trajectory errors are modelled through the
same regressor parameters (driving speed, control voltage V.
and payload P) with a confidence level of 95%. Considering
the nominal trajectory of the robot, the errors are evaluated
through two regression models concerning both the Z and Y
axes. The validity of the regression models is guaranteed by
high R-square values respectively of 0.75 on the Y axis and
0.92 on the Z axis along with lower p-value with respect to
significant levels (Tab. IV). Across the Y-axis (p-values of the
regressors), the control voltage sent to the vacuum pumps of
the robot and payload represent the main parameters
influencing the robot master trajectory. Every increment of the
control voltage of 1 V, results in a reduction of deviation of
about 0.8 mm, while for every kg of payload added to the robot
the trajectory error increase by about 0.5 mm. Looking at the
regression model of the Z axis, all the regressors are significant
with p-values lower than the significant level. Also in this case,
the control voltage represents the most affecting parameter:
each increment of 90 N reduces errors of 11.5 mm.
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TABLE IV. REGRESSION MODELS OF GRINDING TRAJECTORY.

Linear regression model equation
y = Intercept + B, V+ B, - Ve + B, - P
Axis | Estimate coefficient | RMSE p-Val R’
Intercept = —19
i oo
Y v P Z0.77 6.21 B, —5.9-107* 0.65
B, = —0.555 Bp = 52107
Intercefto=12—190 B,—2.2-10713
Z gv =115 7.62 By —7.9:-1075% 0.92
B, = —2.83 Bp~1.8:1071%
)y = —2.

The estimated coefficients and significant regressors are
implemented in a feedforward trajectory control and
optimization, which corrects the joint’s target positions O
with the error € predicted by the model computed considering
the time-dependent robot operating set-up, driving motor’s
velocity feedback, and control voltage of vacuum pumps.

With: T; is the time step of trajectory discretization, k is the
time index, and © is the corrected target position. Fig.12a
shows a sequence of three successive vertical movements
(ET2) and the consequent cumulating error measured with
tracker AT960-MR. Fig.12b shows the compensation of the
final error (95%) resulting from the feedforward controller.
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Figure 12. Trajectory accuracy without (a) and with (b) feedforward control.

Concerning the steering joints, precise power consumption
values (Fig. 13) represent an accurate wheel orientation,
slippage-free.
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Figure 13. Power consumption of steering motor on concrete surface (a)

and on steel surface (b).

During the cycle tests, three payloads (0, 10, and 20 kg) and
four driving velocities (70, 140, 210, and 280 mm/s) are used
to experimentally measure the maximum autonomy of the
robot (KPI4). Each climbing cycle is repeated until the
complete discharge of the battery to exactly estimate the
robot’s autonomy (Fig. 14). Fig. 15 describes the effect of
climbing velocity and payload on the autonomy of the
platform. Higher climbing velocities and payloads reduce the
autonomy of the platform from 5.5 h (0 kg payload and 70
mm/s) to 2.8 h (280 mm/s with 20 kg).

a).[ b)~|
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Figure 14. Characteristic curve of LiFoPO4 battery pack for a complete
discharge: (a) State of charge; (b) battery voltage.
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Figure 15. UMA-2 autonomy for different climbing velocity and payload.

VI. CONCLUSION AND FUTURE WORK

The paper presents an application for mobile platforms,
which integrates manufacturing technologies, particularly
grinding, with the most popular tasks wind towers
maintenance and servicing. The study focused on isolating and
adapting the positioning error caused by compliancy,
implementing feedforward control for trajectory optimization,
and considering the surface and process KPIs. Experimental
tests were conducted to validate the UMA-2 robot's ability to
climb vertical and curved metal and concrete surfaces while
delivering high perpendicular force, supporting 20 kg of
payload, and thereby assisting human operators in executing
extremely hazardous tasks while relieving them of cognitive
and physical strain.

Future works will concentrate extensively on grinding
process strategies, while integrating the tool wear
compensation mechanism and related trajectory adaptation.
Additional efforts will focus on validating the model’s
robustness against environmental phenomena that can cause
wet, icy, and hot surfaces. Finally, a shared localization model
will be designed for maintenance planning in wind power.
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