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Abstract

Precision agriculture requires robotic platforms capable of covering large cultivation ar-
eas while providing accurate positioning for localized crop monitoring and management
operations. Cable-driven parallel robots (CDPRs) offer large workspaces and lightweight
moving structures; however, their usable workspace is constrained by cable tension require-
ments. This study presents the experimental validation of AgroCableBot, a reconfigurable
CDPR for precision agriculture previously proposed by the authors, in which the prox-
imal cable attachment points are vertically reconfigured to increase the wrench-feasible
workspace (WFW). Previous simulation results showed that this reconfiguration increases
the WFW from approximately 58% to 100% of the geometrically admissible workspace
for a minimum cable tension of 5 N. In this work, a physical prototype with adjustable
anchor height was built, and a vision-based sensing system was integrated for end-effector
localization, automatic calibration, and closed-loop trajectory tracking. Experimental vali-
dation included square and circular trajectories and an agricultural inspection trajectory
over a seedling tray, executed at three anchor heights (400, 600 and 900 mm). The sys-
tem achieved a three-dimensional RMSE between 1.9 and 2.6 mm, a 95th-percentile error
below 4.5 mm, and a maximum tracking error of 6.0 mm, measured with the vision sys-
tem. These results demonstrate the potential of AgroCableBot as a reconfigurable robotic
platform for accurate crop monitoring and localized agricultural operations in protected
cultivation environments.

Keywords: cable-driven parallel robot (CDPR); reconfigurable robotics; wrench-feasible
workspace (WFW); vision-based sensing; crop monitoring; precision agriculture

1. Introduction
Cable-driven parallel robots (CDPRs) represent a distinctive class within modern

robotics. In these systems, cables replace the traditional rigid links that connect the end-
effector to the fixed structure, significantly reducing system inertia and enabling high
speeds and accelerations with lower power requirements [1]. From a kinematic perspective,
CDPRs provide accurate position and orientation control through cable length variation,
offering remarkable flexibility and adaptability [2]. Owing to these characteristics, they
have been successfully implemented in a wide range of applications, including physical
rehabilitation [3–9], industrial manipulation, and structural inspection [10–13], where their
low weight and high payload-to-power ratio provide significant advantages.
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Over the last decade, CDPRs have experienced sustained growth across multiple
application domains, ranging from manufacturing and construction [14–17] to wind tun-
nel instrumentation [18–20], inventory and industrial handling [21,22], and aerospace
systems [23,24]. In the agricultural sector, platforms such as the ETH Field Phenotyping
Platform (FIP) [25] and the NU-Spidercam system [26] have enabled the automation of
large-scale agronomic data acquisition. Other developments, such as those proposed
by [27,28], have explored cable-driven robotic configurations for harvesting and tropical
fruit manipulation tasks. However, these agricultural platforms use fixed anchor points,
and the trade-off between workspace and cable tension has not been studied for com-
pact systems in protected cultivation. Consequently, CDPRs have attracted increasing
interest in applications requiring high payload-to-weight ratios, large workspaces, and
dynamic operation.

Despite these advances, CDPRs still face critical limitations that restrict their deploy-
ment in agricultural environments. The most significant challenges include: (i) a limited
workspace, constrained by the need to maintain positive tension in all cables to prevent
undesired oscillations, and (ii) low structural stiffness, which can reduce positioning ac-
curacy during high-speed motions or under varying payload conditions [29–31]. These
limitations hinder the adoption of CDPRs in agricultural tasks requiring accurate and
repeatable positioning over large workspaces.

A reconfigurable CDPR can change the position of its cable anchor points to adapt
the workspace, stiffness or cable tensions to the task [32,33]. This change can be discrete,
when the anchor points are moved between tasks with the robot stopped, or continuous,
when they move during operation. Other ways to enlarge the workspace include passive
carriages, single cable loops, variable radius pulleys and additional cables [34]. In Agro-
CableBot, the four proximal anchor points are moved together along the vertical axis and
fixed before each task. When the anchor points are lowered, the cables become closer to
horizontal, and the cable tensions needed to support the end-effector weight increase. This
keeps all cables in tension over a larger region and increases the WFW [34].

To overcome these limitations, this work presents the experimental validation of a
reconfigurable cable-driven parallel robot architecture named AgroCableBot, specifically
designed for the automation of greenhouse agricultural processes. The system constitutes
the experimental extension of the theoretical framework previously introduced by the
authors in [34], where the kinematic and structural foundations of the reconfigurable
design were established. AgroCableBot incorporates an additional degree-of-freedom
(DOF) along the z-axis, enabling the vertical adjustment of the cable anchoring points and
operation under higher cable tensions. In the current prototype, this height is adjusted
manually before each task. This reconfiguration increases the effective stiffness of the
system and expands the Wrench-Feasible Workspace (WFW) from approximately 58% to
100% of the geometrically admissible workspace for Tmin = 5 N, as shown in simulation
in [34]. Furthermore, the system integrates a vision-based sensing framework for automatic
calibration, end-effector position estimation, and closed-loop trajectory control. This work
extends the previous theoretical contribution through the experimental implementation
and validation of the reconfigurable architecture, including the integration of vision-based
sensing and feedback control, and the quantitative evaluation of end-effector positioning
accuracy under representative geometric and agricultural trajectories.

The main objective of this work is to perform a comprehensive experimental validation
of AgroCableBot by evaluating its positioning accuracy, stability, and control performance
under different operating configurations. A key aspect of the proposed system is the inte-
gration of a vision-based sensing architecture for real-time end-effector localization, initial
calibration, and closed-loop trajectory tracking. The sensing system provides continuous
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positional measurements that are integrated into the control loop to estimate the end-
effector pose and evaluate trajectory-tracking performance. The obtained results establish
a link between the theoretical design and its practical implementation, demonstrating the
feasibility of the proposed sensor-integrated robotic architecture for precision agriculture
and its potential for accurate agricultural operations in protected cultivation environments.

The previous work [34] presented the design of AgroCableBot and evaluated it only
in simulation. In this work, the robot was built and tested experimentally. The main
contributions are the following. First, the physical prototype was implemented with an
adjustable anchor height. Second, a vision system was integrated, with an eye-to-hand
camera for automatic calibration and closed-loop localization of the end-effector, and
an eye-in-hand camera for crop images. Third, trajectory tracking was evaluated at three
anchor heights (zp = 400, 600 and 900 mm), with geometric trajectories and a crop inspection
trajectory. Fourth, the tracking error was analyzed along each trajectory to identify where
it increases and its main sources.

The remainder of this paper is organized as follows. Section 2 describes the design
of AgroCableBot, including its mechanical, actuation, and vision subsystems. Section 3
presents the kinematic model, the position estimation with the vision system, and the
control architecture. Section 4 reports the experimental results. Section 5 presents the
discussion. Finally, Section 6 summarizes the main conclusions and outlines future
research directions.

2. System Design of AgroCableBot
The design of AgroCableBot integrates mechanical, electronic, and computational

systems to address common limitations of cable-driven parallel robots (CDPRs), including
restricted workspace, reduced stability under load, and limited adaptability in dynamic
environments, as illustrated in Figure 1. The system was specifically developed for agri-
cultural applications, enabling high-precision and adaptable operations such as crop mon-
itoring, irrigation, and seeding. AgroCableBot consists of five main subsystems: a fixed
frame, a cable winch system, a pulley system, an end-effector, and a vision and inertial
measurement system. The most relevant components and their functions within the overall
system are described in the following subsections.

mobile pulleys
system end-effector cable

frame

seedbed winch

cable 1

cable 2
motor

gearbox

Figure 1. CAD model of AgroCableBot, showing the fixed frame, four cable winch systems, double-
pulley mechanisms that provide vertical reconfiguration of the cable anchor points, the end-effector,
and eight cables arranged in four pairs.
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The configuration of AgroCableBot corresponds to a suspended Cable-Driven Parallel
Robot (CDPR), in which the end-effector is driven by four winches, each one moving a pair
of parallel cables, and gravity keeps all cables in tension. The system provides five degrees-
of-freedom: three translational motions along the Cartesian axes (x, y, z), one rotational
motion about the z-axis, and an additional degree-of-freedom corresponding to the vertical
displacement of the cable anchoring points on the frame. This vertical displacement is
adjusted manually before each task and remains fixed during operation. This additional
capability enhances the robot’s ability to operate in dynamic environments and perform
complex agricultural tasks. The geometrically admissible workspace of the end-effector,
limited by the frame, the pulley systems and the end-effector dimensions, is 800 × 800 mm
in the xy-plane and 900 mm along the z-axis. This volume is taken as the 100% reference
for the workspace percentages reported in this work. To ensure optimal performance,
detailed technical specifications were established and are summarized in Table 1. These
specifications include the main components, actuators, sensors, and transmission mecha-
nisms, which were selected to provide the stability, accuracy, and adaptability required for
operation in variable agricultural environments. Figure 1 presents the CAD model of Agro-
CableBot, highlighting the integration of its main subsystems, including the fixed frame,
cable winch systems, double-pulley mechanisms, end-effector, and cable arrangement.

Table 1. Specifications of the AgroCableBot robot.

Parameters and Symbols Value/Component Unit

Number of cables 8 –
Degrees-of-freedom 5, 1R4T 1, Suspended –
Size of the robot frame 1.20 × 1.20 × 1.20 m
Size of the mobile platform 0.20 × 0.20 × 0.20 m
6063 T-slot aluminum profile 3838 (Gauge 16) mm
6063 T-slot aluminum profile 2020 (Gauge 16) mm
Cable breaking strength 1108 N
Guitar tuning pegs 8 –
Pulley dimensions 16 × 10.4 mm
Number of motors 4 –
Motor torque 3 Nm
Worm gear reducer NMRV-030 –
Transmission ratio 10:1 –
Drum diameter 88.4 mm
Cable diameter 0.66 mm
Cable type Dyneema, SS250G-1500 –
End-effector mass 3 kg
Geometrically admissible workspace 0.80 × 0.80 × 0.90 m

1 R: Rotational DOF. T: Translational DOF.

2.1. Pulley System Design and Cable Arrangement

The pulley system of AgroCableBot was designed to maximize the stability and
positioning accuracy of the end-effector by forming a cable parallelogram between each
pair of pulleys. This geometric configuration ensures a uniform distribution of cable
tensions and precise motion synchronization between the cable pairs located on the frame
and those attached to the end-effector.

Each pulley simultaneously guides two cables from the winch systems to the end-
effector, maintaining structural symmetry and ensuring coordinated control, as illustrated
in Figure 1. In addition, the system incorporates an adjustable vertical anchoring mech-
anism that allows the pulleys to be displaced along the z-axis. This dynamic adjustment
enlarges the workspace and enhances its adaptability to different crop heights and cultiva-
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tion configurations. The end-effector is equipped with guitar tuning pegs coupled to an
irreversible worm-gear mechanism, enabling cable tension adjustment during the initial cal-
ibration process while maintaining the robot’s operational accuracy throughout operation.

Figure 2 illustrates the pulley system, the additional degree-of-freedom along the
z-axis, and the geometric correction applied to the cable length calculation by considering
the angle formed with the pulley rotation axis. The complexity of this design arises from
the fact that the cable attachment points do not remain fixed during motion but instead
follow arc-shaped trajectories determined by the pulley rotation axis. Consequently, the
control model incorporates dynamic variables that account for parameters such as the
pulley radius (rp), the rotation angle (θ), and the dimensions of both the frame and the
end-effector, as detailed in the previous study (see [34]). This approach provides a more
flexible, stable, and adaptable robotic system capable of operating under a wide range of
agricultural conditions.

cable 1

cable 2

L1u

L1d

tuners

pulley system
(end-effector)

mobile pulley system
(frame)

L1u

end-effector

upper view

 

 

Figure 2. AgroCableBot pulley system. Side view of the mechanism incorporating the additional
degree-of-freedom along the z-axis. The enlarged detail presents the top view used to geometrically
correct the cable length calculation by accounting for the pulley system rotation angle.

2.2. Cable Winch System

The AgroCableBot cable winch system was designed to ensure stable, accurate, and
reliable control of the cables driving the end-effector. Each module employs a motor with
a nominal torque of 3 Nm, coupled to a worm-gear reducer with a 10:1 transmission
ratio. This mechanism provides a self-locking effect that prevents unwanted end-effector
displacements even when the motors are de-energized, which is essential for maintaining
stability while handling variable payloads.

Each winch drum is manufactured with two parallel grooves that allow two cables
to be wound or unwound simultaneously without overlap, ensuring uniform tension
distribution. The drum, with a diameter of 88.4 mm, translates horizontally along an 8 mm
lead trapezoidal screw and has a maximum travel of 140 mm, as shown in Figure 3. This
design maintains a constant effective drum diameter regardless of the amount of stored
cable, thereby ensuring a linear and accurate relationship between motor rotation and cable
length variation during operation.

The selected cable material is ultra-high-molecular-weight polyethylene (UHMWPE)
fiber, commercially known as Dyneema. This material was chosen over steel cables because
of its excellent strength-to-weight ratio, high resistance to wear and fatigue, and superior
flexibility. The cables have a breaking strength of 1108 N, and a minimum tension of
Tmin = 5 N was used in the workspace analysis [34]. The weight of the end-effector (3 kg,
29.4 N) is supported by the vertical components of the cable tensions, as described by the
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static equilibrium in Section 3.1. The weight of the cables can be neglected: with a linear
mass of about 0.3 g/m, the cable sag is about 0.1 mm at Tmin = 5 N and much smaller at
the operating tensions. The cable elongation changes with the tension along the trajectory
and is one of the error sources discussed in Section 5.

motor

gearbox

cable 1

drum
cable 2

L1u

lineal movement

Figure 3. AgroCableBot cable winch system. The assembly consists of a motor, a worm-gear reducer,
a linear guide with a trapezoidal lead screw, and a dual-groove drum designed to wind two cables
without overlap.

Overall, the winch system provides efficient and robust cable management, ensuring
smooth force transmission and consistent end-effector positioning accuracy throughout the
AgroCableBot workspace.

2.3. Vision-Based Sensing System

The AgroCableBot vision-based sensing system is designed to provide real-time local-
ization of the end-effector, support the initial calibration procedure, and provide continuous
feedback for trajectory tracking. During the initial calibration, a reference or home position
is established through the detection of reference markers strategically placed on the robot
frame and the end-effector. This procedure provides a consistent spatial reference for the
position control and trajectory tracking algorithms.

The system consists of two computer vision cameras operating cooperatively: an
eye-in-hand (EIH) camera mounted directly on the end-effector and an eye-to-hand (ETH)
camera installed on a support above the robot frame, at a height of 2270 mm above the
floor, as illustrated in Figure 4. The EIH camera acquires images of the plants for crop
monitoring from the end-effector, whereas the ETH camera provides a global view of the
robot and its workspace and is used for calibration and localization. The ETH camera
detects eight reference markers, four located at the pulley rotation axes of the frame and
four on the end-effector, enabling the localization of the end-effector within the robot
workspace (see [35] for further details). During operation, visual servoing techniques
are employed to correct, in real time, the deviations between the desired and estimated
end-effector positions, following the approach described by [36].
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The ETH camera plays a central role in the experimental sensing architecture. Its
global view enables the detection of the reference markers on the robot frame, the definition
of the workspace coordinate system, and the estimation of the end-effector position. A
perspective transformation, computed from the four frame markers, is subsequently applied
to compensate for perspective effects and establish the correspondence between image
coordinates and physical coordinates in the xy-plane. The depth coordinate is estimated
from the geometric relationship between the reference markers and the end-effector, using
a height reference obtained with a calibration board placed at a known height, allowing the
three-dimensional position of the end-effector to be obtained from the visual measurements.

camera
(eye-in-hand)

vision
references

camera
(eye-to-hand)

vision
references

end-effector

Figure 4. AgroCableBot vision-based sensing system. The system consists of an eye-in-hand (EIH)
camera mounted on the end-effector for crop imaging, an eye-to-hand (ETH) camera installed on a
support above the robot frame, at a height of 2270 mm above the floor, for calibration and end-effector
localization, eight red reference markers (four at the pulley rotation axes of the frame and four on the
end-effector), and an inertial measurement unit (IMU) mounted on the end-effector.

During operation, the estimated end-effector position is continuously compared with
the desired Cartesian trajectory. The resulting position error is provided as feedback to the
control system, enabling real-time monitoring of the trajectory and correction of deviations
through the inverse-kinematics and PID control architecture. This sensing-based feedback
loop allows the robot to operate using the measured end-effector position rather than
relying exclusively on the nominal position obtained from the actuator commands.

The integrated vision-based sensing system therefore provides the measurement layer
required for end-effector localization, calibration, trajectory monitoring, and closed-loop
control. This architecture establishes a direct connection between the sensing subsystem
and the experimental evaluation of positioning accuracy presented in Section 4.

3. Mathematical Model, Sensing and Control System
This section presents the mathematical model, sensing architecture, and control system

developed for the First, the kinematic relationships between the end-effector pose and
the cable lengths are established, explicitly considering the vertical reconfiguration of the
frame anchoring points. Based on this model, the inverse kinematics is used to generate
the cable-length references required for Cartesian trajectory execution.
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The sensing system provides the measurements required to localize the end-effector
and close the control loop. In particular, the vision-based sensing architecture enables the
detection of reference markers, estimation of the end-effector position, and monitoring of
its motion during trajectory execution. These measurements are integrated into the control
system to provide visual feedback and compensate for deviations between the desired and
measured trajectories.

Finally, the control architecture combines the inverse kinematic model with indepen-
dent PID controllers for the cable actuators and vision-based feedback. This integrated
framework enables the generation, sensing, and closed-loop control of Cartesian trajectories
while accounting for the reconfigurable geometry of the robot.

3.1. Inverse Kinematics and Statics

The mathematical model of AgroCableBot establishes the relationship between the
end-effector position coordinates and the joint variables associated with the cable lengths.
This section describes the inverse kinematics and static formulations of the robot, which
constitute the basis for the design of the position control algorithms. The model was
derived in [34] and is summarized here for completeness.

The joint coordinates are defined as qα = [α1, α2, α3, α4]
T , where each component αi

represents the angular position of motor i, measured by its encoder. The anchoring points
on the frame are denoted by Fi = [x f i, y f i, z f i]

T , whereas the corresponding anchoring
points on the end-effector are defined as Ei = [xei, yei, zei]

T .
The coordinates z f i depend on the height of the proximal anchoring points, zp, in-

troducing an additional degree-of-freedom that enables robot reconfiguration. Figure 5
illustrates the nomenclature used throughout this work, where the angles ϕi are defined in
the xz-plane and the angles θi in the xy-plane.

(a) (b)

Figure 5. Nomenclature of the AgroCableBot mathematical model: (a) front view and (b) top view.
The figure shows the frame anchoring points Fi, the end-effector anchoring points Ei, and the angles
ϕi and θi employed in the kinematics formulation. Adapted from [34].

Inverse kinematics is used to determine the joint coordinates qα required to achieve a
desired end-effector position and orientation, qe = [xe, ye, ze, δ]T , together with a specified
value of zp. As detailed in [34], the general functional relationship is given by

qα = φIK(qe, zp) (1)
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https://doi.org/10.3390/robotics15100205


Robotics 2026, 15, 205 9 of 27

Let Li0 denote the initial length of cable i corresponding to a reference end-effector
pose qe0 = [xe0 , ye0 , ze0 , 0]T . This length is computed as

Li0 = ∥Fi − Ei0∥2 (2)

For an arbitrary end-effector pose, the current cable length is obtained as

Li = ∥Fi − Ei∥2 (3)

The joint coordinates required to reach such a pose are expressed as

αi =
1
r
(︁

Li − Li0
)︁

(4)

Therefore, the inverse kinematics formulation can be summarized as

qα = ±1
r

∆L (5)

where the sign indicates whether a positive motor rotation produces an increase (+) or a
decrease (−) in cable length, r = 44.2 mm is the drum radius, and ∆L = [L1 − L10 , L2 −
L20 , L3 − L30 , L4 − L40 ]

T .
The robot statics are derived from the equilibrium of forces and moments acting on

the end-effector [37]. This equilibrium condition is expressed as

AT(qe, zp)T + We = 0 (6)

where AT is the structure matrix (the transpose of the Jacobian matrix), T = [T1, T2, T3, T4]
T

is the cable tension vector, where Ti is the total tension of the cable pair i, and
We = [0, 0,−me · g, 0]T represents the external wrench acting on the end-effector, with
me = 3 kg.

The cable tensions must satisfy (Tmin < Ti < Tmax, i = 1, . . . , 4), with Tmin = 5 N as
in the workspace analysis of [34], to ensure that all cables remain taut and that the robot
preserves its controllability.

The structure matrix is defined as

AT =

[︄
u1 ... u4

Rz(δ)b1 × u1 ... Rz(δ)b4 × u4

]︄
(7)

where ui are the unit vectors along the direction of each cable, defined as

ui =
Fi − Ei

||Fi − Ei||2
(8)

bi is the position vector of the anchor point Ei with respect to the center of the end-effector,
and Rz(δ) is the rotation matrix about the z-axis:

Rz(δ) =

⎡⎢⎣ cos(δ) − sin(δ) 0
sin(δ) cos(δ) 0

0 0 1

⎤⎥⎦ (9)

Because the end-effector can only rotate about the z-axis, only the three force compo-
nents and the moment about the z-axis are kept from Equation (7), so AT is a 4 × 4 matrix,
consistent with We. This formulation enables the analysis of the kinematics and static
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behavior of AgroCableBot and provides the foundation for the control algorithms and
position estimation procedures presented in the following sections.

3.2. End-Effector Detection and Position Estimation

The computer vision system provides the sensing layer required to align the robot’s
physical workspace with its digital representation and to estimate the three-dimensional
position of the end-effector. The proposed approach compensates for perspective distortions
introduced by the camera placement and establishes a consistent mapping between image
coordinates and the robot’s Cartesian workspace. The resulting position estimate is used
both for the initial calibration of the end-effector and as feedback for trajectory monitoring
and closed-loop control. The estimation procedure consists of four stages: marker detection,
centroid localization, geometric transformation, and end-effector position estimation.

3.2.1. Marker Detection

Marker detection is based on the identification of eight red circular markers, four
on the frame and four on the end-effector (Figure 6), selected for their high contrast with
the agricultural environment, which is predominantly characterized by green vegetation.
The acquired image is segmented in the HSV color space using a thresholding operation,
generating a binary mask corresponding to the regions of interest.

(u2,v2)

end-effector

camera
(eye-to-hand)

(u1,v1)

(u4,v4)

(u3,v3)

v

u
workspace

image frame

(a)

workspace

end-effector

camera
(eye-to-hand)

vision
references

image frame

(b)

Figure 6. Perspective transformation applied to the image captured by the ETH camera: (a) original
image affected by perspective distortion, and (b) corrected image aligned with the robot workspace.

To eliminate small spurious regions and fill discontinuities caused by image noise or
robot components such as cables, the binary mask is processed through erosion and dilation
morphological operations. Finally, the marker contours are extracted for subsequent
analysis following the procedure described in [36].

3.2.2. Centroid Localization

Once the marker contours have been extracted, the image coordinates (ui, vi) of the
four marker centroids are computed using image geometric moments. These centroids
constitute the visual features employed to define the image reference frame and estimate
the end-effector position.
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The two-dimensional image moments are defined as

Mij = ∑
u

∑
v

uivj I(u, v), (10)

whereas the centroid coordinates of each marker are computed as

(Cx, Cy) =

(︃
M10

M00
,

M01

M00

)︃
. (11)

3.2.3. Geometric Transformation

To establish a correspondence between the acquired image and the robot workspace,
a perspective transformation (homography) is applied to compensate for perspective,
rotation, translation, and scaling effects. Following [38] the perspective transformation is
expressed as ⎡⎢⎣s · u′

s · v′

s

⎤⎥⎦ =

⎡⎢⎣a b m
c d n
g h 1

⎤⎥⎦
⎡⎢⎣u

v
1

⎤⎥⎦, (12)

where (u, v) denotes the original image coordinates, and (u′, v′) represents the transformed
coordinates, obtained by dividing the first two components by the scale factor s.

The transformation matrix is computed from the four frame markers, using their
known positions in the robot workspace and their corresponding image coordinates. As a
result, a geometrically aligned image with a 1:1 aspect ratio is obtained, as illustrated in
Figure 6. Because the frame markers are located on the mobile pulleys, they move with the
anchor height zp. The transformation is therefore recomputed after each reconfiguration,
so the calibration plane follows the operating plane of the end-effector.

3.2.4. End-Effector Position Estimation

To estimate the end-effector position, four red circular markers are placed collinearly
with the cable attachment points located at the pulley rotation axes of the end-effector.
These markers are detected and localized using the same procedure described in the
previous subsections.

Subsequently, a pinhole camera model is employed to estimate the end-effector height
z and its horizontal coordinates (x, y), as illustrated in Figure 7.

The height is obtained from the relationship of similar triangles projected onto the
image plane:

z = zt

(︂
1 −

√︂
Are f /AEF

)︂
, (13)

where Are f denotes the reference area measured at a known height zt during calibration,
using a calibration board with a chessboard pattern, and AEF corresponds to the area
enclosed by the centroids of the four end-effector markers.

To convert image coordinates into metric coordinates, a pixel-to-metric scale factor
ks (mm/pixel) is obtained from the transformed image as the ratio between the known
distance between the frame markers and their distance in pixels. ks is constant for a given
configuration (approximately 1.36 mm/pixel in the experiments) and is valid at the plane
of the frame markers. Since this plane moves with zp and the end-effector operates at the
same height, the perspective scale error is small. A residual error remains because the end-
effector markers are located 30 mm from the plane of the frame markers along the vertical
direction. With the camera located 2270 mm above the floor, this offset produces a scale
error of 1.6%, 1.8% and 2.2% at end-effector heights of 400, 600, and 900 mm, respectively.
The resulting error is zero at the center of the workspace and reaches 5 to 8 mm at the
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edges of the 600 × 600 mm trajectories. Because the controller uses the same measurement,
this error is not visible in the tracking metrics of Section 4; it changes the real size of the
executed trajectory and can be compensated with a height-dependent correction factor in
future implementations. This parameter establishes the relationship between image pixels
and physical coordinates in the robot workspace.
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f

ix i'x

x

z
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B i

csi csd

cii cid

(b)

Figure 7. Geometric model used for end-effector position estimation using the ETH camera: (a) height
estimation based on similar triangles, and (b) conversion between image coordinates and physical
workspace coordinates.

First, the geometric center of the four detected markers is computed as

ū =
1
4

4

∑
i=1

ui, v̄ =
1
4

4

∑
i=1

vi, (14)

where (ui, vi) represents the image coordinates of the individual markers, measured with
respect to the image center, which corresponds to the center of the workspace.

The horizontal coordinates of the end-effector are then calculated as

x = ks · ū, y = ks · v̄. (15)

Finally, the estimated end-effector position with respect to the home reference position
is defined by

q̂e =
[︂

x, y, z − zre f

]︂T
, (16)

where zre f denotes the vertical offset between the reference plane and the point of interest
located on the end-effector.

Based on this estimated position, the cable lengths required by the robot controller
are computed. For example, the position of the end-effector anchor point corresponding to
quadrant 1 is expressed as

E1 =
[︂
u1 ks, v1 ks, z − zre f

]︂T
. (17)

and the corresponding cable length is L1 = ∥F1 − E1∥, as in Equation (3).
The information provided by the computer vision system constitutes the visual sens-

ing feedback of the control loop, enabling continuous estimation of the end-effector po-
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sition and real-time correction of positioning errors during trajectory execution. The
estimated position is continuously compared with the desired Cartesian trajectory, and the
resulting position error is used by the controller to generate corrective commands for the
cable actuators.

With this configuration, the resolution of the position measurement is approximately
1.36 mm in the xy-plane and 0.65 mm along the z-axis. With an earlier prototype and a
similar vision method, the static precision at the home position, evaluated according to
ISO 5725-1 [39], was 0.04 mm in x, 0.05 mm in y and 0.44 mm in z [36]. The method assumes
that the plane of the end-effector markers remains parallel to the image plane; a tilt of the
end-effector changes AEF and introduces an error in the estimated height. In AgroCableBot,
this error is small because the parallel cable pairs keep the end-effector horizontal.

3.3. Kinematics Control System

The end-effector motion can be described in Cartesian space by the vector qe = [xe, ye, ze, δ]T,
or in robot joint space by qα = [α1, α2, α3, α4]

T . The objective of the control system is to
ensure that the end-effector accurately follows a desired trajectory q∗

e while maintaining
the cable tensions within the allowable operating range [Tmin, Tmax].

In this work, AgroCableBot is controlled in the joint space, as illustrated in Figure 8.
This strategy provides a simple and robust implementation and facilitates direct integration
with the actuation system. For each desired Cartesian reference q∗

e = [x∗e , y∗e , z∗e , δ∗e ]
T , the

inverse kinematic model generates the corresponding joint reference q∗
α = [α∗1 , α∗2 , α∗3 , α∗4 ]

T .
The dynamic model of AgroCableBot was developed in [34] under the assumption of

massless and rigid cables, which is valid because of the high cable tensions obtained with
the reconfiguration. The dynamics of each actuator, composed of the motor, the reducer
and the drum, is given by

Jα̈ + να̇ + rT = τ, (18)

where J is the rotor inertia, ν the viscous friction coefficient, r the drum radius, and τ the
motor torque. The dynamics model of the end-effector is

Mq̈e = AT(qe, zp) T + We, (19)

with M = diag(me, me, me, Ie), where me is the end-effector mass and Ie its moment of
inertia about the z-axis. The combination of both equations gives the dynamic model of the
robot in joint coordinates [34]:

Jα̈ + να̇ + r
(︂

AT
)︂−1

(Mq̈e − We) = τ. (20)

In [34], this model was used to simulate the robot and validate the joint-space control
scheme. In the experiments of this work, the controller does not use the dynamic model to
compute the motor torques. The trajectories are generated using inverse kinematics, and
the control is performed with independent joint controllers and vision feedback.

The controller block consists of a diagonal 4 × 4 matrix whose diagonal elements
correspond to four independent PID position controllers, one for each motor, as proposed
in [34]. In the actuator model of Equation (18), the cable tension acts on each motor only as
a load torque rTi. In AgroCableBot, this coupling is reduced by the self-locking worm-gear
reducer and by the low speeds of the agricultural trajectories, so the four axes can be
controlled independently. The four controllers use the same gains, which were tuned
experimentally: Kp = 12.5, Ki = 0 and Kd = 0.8, with a control period of 1 ms. The integral
gain was set to zero, so each controller acts as a PD controller. The steady-state positioning
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error is corrected by the outer vision loop, and the self-locking reducer prevents the cable
load from back-driving the motors.

Two feedback loops are used, as shown in Figure 8. In the inner loop, each controller
compares the joint reference with the motor angle αi measured by the encoder. In the
outer loop, a vision-based closed-loop feedback system is implemented using the computer
vision system to estimate the end-effector pose q̂e. The estimated pose is subsequently
processed through the inverse kinematic model to obtain the corresponding estimated
joint coordinates

q̂α = [α̂1, α̂2, α̂3, α̂4]
T ,

which are continuously compared with the desired joint references q∗
α. The resulting joint-

position errors are used to correct the references of the independent PID controllers, which
generate corrective commands for the actuators to compensate for positioning deviations
during trajectory execution. The vision loop runs at the camera frame rate of 30 fps.

Additionally, the vision-based sensing system is employed during the initialization
stage to automatically calibrate the end-effector and determine the robot home position, as
described in [34–36].

PD
Controller

Robot
AgroCableBot

Inverse
Kinematics

Vision system
(ETH)

Inverse
Kinematics

Figure 8. Vision-based sensing and joint-space control architecture implemented in AgroCableBot.
The desired Cartesian pose is converted into joint references through inverse kinematics. In the inner
loop, each PD controller compares the joint reference with the encoder angle; in the outer loop, the
difference between the desired joint references and the joint coordinates estimated by the vision
system (ETH camera) is used to correct the joint references.

4. Results
To experimentally validate the performance of the AgroCableBot robot, a series of

experiments were conducted to evaluate the vision-based sensing system, the end-effector
calibration procedure, and the trajectory tracking capability for representative agricul-
tural applications, with particular emphasis on crop monitoring and localized positioning
operations. The experiments focused on end-effector detection and position estimation,
trajectory tracking, and positioning accuracy using vision-based feedback. Figure 9 shows
the experimental prototype of the robot and its main subsystems.

The experimental conditions are summarized in Table 2. Each trajectory was executed
with a different anchor height zp, with the end-effector moving at the same height as the
anchor points. All positions were measured with the vision system described in Section 3.2.
The tracking performance was evaluated using the root mean square error (RMSE) along
each axis, the three-dimensional RMSE, the 95th percentile (P95), and the maximum error.
The results were judged against the requirements of the agricultural task: the inspection
camera must be positioned over each plant of a seedling tray with a pot spacing of 50 mm,
so errors of a few millimeters are acceptable.
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Table 2. Experimental conditions.

Trajectory zp (mm) End-Effector Height Size (mm) Path Length Samples

Square 400 400 mm 600 × 600 3249 mm 1354
Circular 900 900 mm � 600 2488 mm 1730
Inspection 600 600 mm 600 × 600 9249 mm 3491

Figure 9. Experimental prototype of the AgroCableBot robot used for validation, consisting of the
fixed frame, four cable collection systems, the reconfigurable pulley system, the end-effector, the
electronic control unit, and the vision-based sensing system.

4.1. Vision-Based Sensing and End-Effector Calibration

The vision-based sensing system detects both the robot frame and the end-effector
using a ETH camera, Logitech Brio. The ETH camera provides Ultra HD 4K images with a
resolution of 4096 × 2160 pixels at 30 fps, enabling real-time estimation of the end-effector
pose, automatic calibration of its initial position, and continuous monitoring of trajectory
execution throughout all experiments.

Figure 10 illustrates the end-effector detection procedure, which establishes the robot
workspace reference frame and computes the perspective transformation described in
Section 3.2. First, an image of the robot is acquired by the ETH camera (Figure 10a). Next,
four circular reference markers located at the pulley rotation axes of the robot frame are
detected. These markers define the workspace boundaries and are used to compute the
perspective transformation of the xy-plane (Figure 10b). Finally, the reference markers
attached to the end-effector are detected, allowing its position to be estimated within the
workspace (Figure 10c).

The end-effector is calibrated by moving it to the home position, defined as the con-
figuration in which all cable lengths are equal and the end-effector is centered within the
xy-plane. The home position is iteratively adjusted until the detected reference markers
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coincide with their predefined image coordinates within a tolerance of one pixel (approx-
imately 1.4 mm). This configuration establishes the initial reference for all subsequent
trajectory tracking experiments.

Throughout all experiments, the vision-based sensing system continuously estimated
the end-effector position and provided visual feedback to supervise trajectory execution
and detect deviations from the desired reference. The integration of the vision system with
the motion controller enabled real-time correction of positioning errors, thereby improving
the overall positioning accuracy of the AgroCableBot robot.

(a) (b) (c)

Figure 10. End-effector detection process: (a) image captured by the ETH camera; (b) detection of the
frame reference markers and perspective transformation of the xy-plane; (c) detection and position
estimation of the end-effector.

4.2. End-Effector Trajectory Tracking

To experimentally evaluate the trajectory tracking capability of the AgroCableBot
robot, both basic geometric trajectories and representative agricultural trajectories were
implemented. All trajectories were generated using Bézier curves and discretized into uni-
formly spaced reference points, ensuring smooth transitions between consecutive segments
while minimizing abrupt variations in the end-effector velocity.

Figures 11–13 illustrate the execution of the experimental trajectories at different
end-effector heights and anchor heights (Table 2). In particular, Figure 11a presents the
desired and measured square trajectories of the end-effector in the xy-plane. Figure 11b
shows the temporal evolution of the corresponding xyz position components, allowing
for the dynamic behavior and motion smoothness achieved by the Bézier-based trajectory
generation to be evaluated.

The measured square trajectory closely follows the desired path, with only small
deviations observed mainly at the square corners. This behavior is consistent with the
redistribution of cable tensions during abrupt changes in the direction of motion and with
the inherent elasticity of cable-driven systems. In addition, these deviations are associated
with the simultaneous variation in the lengths of multiple cables during the transitions
between consecutive trajectory segments.

The circular trajectory was tracked continuously and stably, without noticeable discon-
tinuities or significant oscillations of the end-effector (see Figure 12). The close agreement
between the desired and measured trajectories demonstrates the capability of the system to
execute smooth motions along paths with constant curvature. These results indicate that the
inverse kinematic controller, together with the independent PID controllers implemented
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for each actuator, allows smooth tracking of continuous-curvature paths at an anchor height
of 900 mm.

Finally, the robot was validated using a trajectory representative of a real agricultural
task. The end-effector followed a raster path of 13 rows spaced 50 mm over a seedling tray,
covering 600 × 600 mm at a constant height of 600 mm (see Figure 13). This experiment
validates the capability of the proposed system to perform repetitive inspection tasks over
the seedling tray while taking advantage of the enlarged workspace achieved through the
vertical reconfiguration of the proximal cable attachment points.
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Figure 11. Experimental tracking of a square trajectory: (a) Desired and measured trajectory in
the xy-plane (L = 600 mm, z = 400 mm). (b) Temporal evolution of the desired and measured
end-effector positions along the x, y, and z directions.
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Figure 12. Experimental tracking of a circular trajectory: (a) Desired and measured trajectory in
the xy-plane (R = 300 mm, z = 900 mm). (b) Temporal evolution of the desired and measured
end-effector positions along the x, y, and z directions.

Overall, the experimental results demonstrate that the proposed control architecture,
combining inverse kinematics, independent PID position controllers for each actuator, and
vision-based feedback, enables smooth and stable Cartesian trajectory tracking. The small
tracking deviations are mainly concentrated in regions involving abrupt changes in motion
direction, whereas continuous-curvature trajectories exhibit an almost perfect overlap
between the desired and measured paths. A quantitative analysis of these observations is
presented in the following subsection through positioning error metrics.
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Figure 13. Experimental tracking of a seedling inspection trajectory: (a) Desired and measured
trajectory in the xy-plane (z = 600 mm). (b) Temporal evolution of the desired and measured
end-effector positions along the x, y, and z directions.

4.3. End-Effector Positioning Accuracy

Positioning accuracy was evaluated by computing the minimum Euclidean distance be-
tween each measured trajectory point and the reference trajectory. To this end, the reference
trajectory was densified with a spacing of 0.05 mm, and a nearest-neighbor search based on
a KD-tree algorithm was employed to determine the spatial tracking error (Figures 14–16).
For each experiment, the tracking errors along the x, y, and z directions were computed,
along with the root mean square error (RMSE), the 95th percentile (P95), and the maximum
error (Table 3). These metrics provide a quantitative assessment of the control system
performance during the execution of different trajectories within its workspace.

Table 3. Positioning accuracy metrics obtained from the experimental trajectory tracking tests.

Trajectory zp RMSE x RMSE y RMSE z 3D RMSE P95 Max. Error

Square 400 1.26 0.73 1.16 1.86 3.00 4.27
Circular 900 1.96 1.34 0.94 2.55 4.48 5.78
Inspection 600 1.05 1.89 1.31 2.53 4.23 6.00

Units in millimeters [mm].

For reference, positioning errors of 10 to 40 mm are reported for large-scale cable-
driven parallel robots [37]. Since these robots are much larger, a fair comparison requires
normalizing by the workspace size: the 3D RMSE obtained here corresponds to about 0.3%
of the 800 mm side of the admissible workspace. AgroCableBot achieved RMSE values
below 2 mm along the horizontal axes and a spatial RMSE below 3 mm for all evaluated
trajectories while simultaneously maintaining a large and reconfigurable workspace. These
results indicate that the proposed architecture provides high positioning accuracy without
compromising the workspace enlargement enabled by the reconfigurable design, making it
suitable for precision agriculture applications such as crop monitoring, localized irrigation,
and automated seeding.

The positioning errors along the three Cartesian directions remained within the same
order of magnitude (approximately 1–2 mm). The small differences observed among the
evaluated trajectories are mainly attributed to cable tension redistribution during motion
and to the uncertainty associated with the vision-based estimation of the end-effector
position. Because each trajectory was executed at a different anchor height, the differences
between trajectories combine the effects of the path geometry and of the height.
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Although the evaluated trajectories exhibit different geometries, the spatial RMSE
remained below 3 mm in all cases. The P95 values, all below 5 mm, indicate that 95% of
the trajectory points were tracked with positioning errors below 5 mm. Furthermore, the
relatively small separation between the RMSE and P95 values indicates that large tracking
deviations were limited to a small fraction of the trajectory points. In all experiments,
the maximum positioning error did not exceed 6.0 mm. Overall, these results support
the validity of the proposed kinematic model and demonstrate the effectiveness of the
control strategy based on inverse kinematics, independent joint control of each actuator,
and vision-based feedback, enabling the execution of agricultural trajectories with high
positioning accuracy within the reconfigurable workspace.
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Figure 14. Experimental tracking of a square trajectory: (a) Spatial tracking error along the square
trajectory. (b) Desired and measured Cartesian trajectory in the xy-plane (L = 600 mm). The spatial
error is smoothed with a Savitzky–Golay filter (window 51, order 3) for visualization; the metrics in
Table 3 are computed from the unfiltered error.
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Figure 15. Experimental tracking of a circle trajectory: (a) Spatial tracking error along the circle
trajectory. (b) Desired and measured Cartesian trajectory in the xy-plane (R = 300 mm). The spatial
error is smoothed with a Savitzky–Golay filter (window 51, order 3) for visualization; the metrics in
Table 3 are computed from the unfiltered error.

Each trajectory was executed once. To characterize the consistency of the tracking
error within each run, the 3D RMSE was computed for each segment of the trajectories.
The variability between segments was 1.88 ± 0.57 mm for the four sides of the square,
2.54 ± 0.89 mm for the four quadrants of the circle and 2.28 ± 0.40 mm for the 13 rows of
the inspection trajectory. The error increased near direction changes: 2.24 mm near the
corners of the square compared with 1.92 mm along the sides, and 3.15 mm at the row ends
of the inspection trajectory compared with 2.28 mm at the center of the rows. These peaks
correspond to the corners in Figure 14a, where the Bézier transition changes the direction
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of motion and the cable lengths change simultaneously. The error also showed a position-
dependent trend: in the inspection trajectory, the row RMSE increased from 1.54 mm at
y = +300 mm to 3.01 mm at y = −300 mm. This suggests a systematic component related
to calibration and geometric modeling, rather than random noise.
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Figure 16. Experimental tracking of a seedling inspection trajectory: (a) Spatial tracking error along
the trajectory. (b) Desired and measured Cartesian trajectory in the xy-plane (L = 600 mm). The
spatial error is smoothed with a Savitzky–Golay filter (window 51, order 3) for visualization; the
metrics in Table 3 are computed from the unfiltered error.

5. Discussion
The obtained results allow the impact of the proposed reconfigurable architecture

to be analyzed from kinematic, static, and experimental perspectives. First, the simula-
tion results show that, for a suspended conventional CDPR configuration, increasing the
minimum cable tension from 0 to 20 N progressively reduces the feasible workspace from
approximately 88% to 14% of the geometrically admissible workspace [34]. This finding is
consistent with previous studies reporting the strong dependence of the feasible workspace
of CDPRs on cable tension constraints [37].

The proposed vertical reconfiguration of the proximal cable attachment points in-
troduces a controlled trade-off between workspace and cable tension. By selecting an
appropriate value for the proximal anchor height zp, the robot operates in a higher-tension
regime, thereby enlarging the wrench-feasible workspace while satisfying the prescribed
cable tension constraints. The workspace analyzed in [34] corresponds to the translational
wrench-feasible workspace under a fixed end-effector orientation. The feasible region was
computed through a uniform Cartesian discretization, testing at each sampled pose whether
a cable tension distribution satisfying the prescribed tension bounds exists. For Tmin = 5 N,
the wrench-feasible workspace increases from approximately 58% to 100% of the geo-
metrically admissible workspace [34]. This substantial increase in feasible workspace
demonstrates that geometric reconfiguration is an effective strategy for overcoming one of
the major limitations of CDPRs in large-scale agricultural applications. In this work, the
robot was operated at three anchor heights (zp = 400, 600 and 900 mm), and the trajectories
covered 600 × 600 mm in the xy-plane at each height. In additional tests, the end-effector
reached 720 × 720 mm, which corresponds to 81% of the admissible area in the xy-plane.
The cable tensions were not measured in the experiments; therefore, the tension feasibility
of the executed trajectories relies on the model of [34].

Figure 17 compares the wrench-feasible workspace of the conventional and the recon-
figured configurations computed in [34].
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As a direct consequence of this reconfiguration, the operating cable tensions predicted
by the simulations in [34] increase to approximately 50–260 N, compared with 10–50 N
in the conventional configuration. Although this requires greater mechanical effort from
both the actuators and the cables, it also increases the apparent stiffness of the system,
reduces cable deformation caused by cable elasticity, and improves end-effector stability.
With the prototype parameters, a tension of 250 N in a cable pair requires a torque of about
11 Nm at the drum (r = 44.2 mm) and about 2.2 Nm at the motor, assuming a worm-gear
efficiency of 0.5, typical of self-locking worm gears. This is within the 3 Nm of the motors.
The experimental validation showed a spatial RMSE below 3 mm during both geometric
and agricultural trajectory tracking.

(a) (b)

Figure 17. Wrench-feasible workspace for Tmin = 5 N: (a) conventional suspended configuration
with fixed anchor points; (b) reconfigurable configuration of AgroCableBot. Adapted from [34].

Experimentally, the vision-based sensing system provided stable end-effector pose
estimation and enabled the implementation of a vision-based feedback control strategy.
During the evaluated trajectory tracking experiments, the system achieved RMSE values
below 2 mm along the horizontal axes and a spatial RMSE below 3 mm, while the 95th
percentile remained below 5 mm and the maximum tracking error did not exceed 6.0 mm.
These values are measured with the same vision system used for feedback, so they describe
the tracking error with respect to the vision measurement. The main systematic error of
this measurement is the residual scale error described in Section 3.2.4, which is between
1.6% and 2.2% and reaches 5 to 8 mm at the edges of the trajectories. Even including this
error, the positioning error is well below the 50 mm spacing between pots, so the proposed
vision-based positioning system provides sufficient accuracy for agricultural applications
requiring repetitive motions and precise localized positioning.

The experiments also demonstrated consistent system performance across trajectories
with different geometric characteristics. Although trajectories involving abrupt direction
changes are expected to produce variations in cable tension distribution, the spatial RMSE
remained below 3 mm in all evaluated cases. These results indicate that the proposed
control strategy, based on inverse kinematics, independent joint control of each actuator,
and visual feedback, performs consistently under different trajectory conditions. The
segment analysis showed that the error increases at direction changes and towards one
side of the workspace, which indicates a systematic component that could be reduced with
a finer calibration of the geometric parameters. Since each trajectory was executed at a
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different anchor height, the effect of the height cannot be separated from the effect of the
path geometry with the present data.

The use of an Eye-to-Hand camera eliminated the need to install additional sensors on
the end-effector while simultaneously enabling both the initial calibration procedure and
continuous end-effector position estimation. This approach simplifies the robot instrumen-
tation and facilitates its deployment in agricultural environments, where robustness, low
cost, and ease of implementation are important practical considerations.

Overall, the results demonstrate that the proposed reconfigurable architecture effec-
tively addresses one of the main limitations of cable-driven parallel robots for agricultural
applications: the limited ratio between the usable workspace and the size of the structure.
The combination of geometric reconfiguration, vision-based kinematic control, and accu-
rate trajectory tracking provides a suitable robotic platform for automating agricultural
tasks such as crop monitoring, precision irrigation, and automated seeding in protected
cultivation environments.

The scalability of the system depends mainly on the vision system, the actuators, and
the cables. For a given camera and image size, the measurement resolution decreases in
proportion to the workspace size: the current resolution of 1.36 mm per pixel for a 0.8 m
workspace would become about 8.5 mm per pixel for a 5 m workspace. A larger system
would therefore require a higher-resolution camera, several cameras, or additional sensors.
The cable tensions grow with the end-effector mass, and the required motor torque increases
with the tension and the drum radius, so larger systems would need higher-torque motors
or higher reduction ratios. The cable sag, which is about 0.1 mm for the current frame at
5 N, grows with the square of the cable length (about 2 mm for a 5 m cable at the same
tension) and remains negligible at the operating tensions of the reconfigured configuration.
The cable elongation also increases with cable length, so longer cables would require stiffer
cables or a compensation for the elongation in the kinematic model. Finally, the vertical
reconfiguration, which is manual in the current prototype, would need to be motorized in
larger systems.

Although AgroCableBot was designed for protected agriculture, the same architecture
can be used in other applications that require positioning a sensor or a light tool over a
large horizontal area with a compact frame. Examples include plant phenotyping in growth
chambers and vertical farms, inspection and inventory of shelves in warehouses, laboratory
automation for imaging samples or culture trays, and inspection of flat surfaces. In all
these cases, the vertical reconfiguration allows the working height to be adapted to the task
while keeping the cables in tension.

Although the experimental results were satisfactory, the present study has several
limitations. First, the proposed system depends on adequate illumination conditions for
reliable monocular vision-based positioning. Second, the positioning errors were measured
with the same vision system used for feedback; an external reference, such as a laser
tracker or a motion capture system, was not available. Third, the cable tensions were
not measured, and each trajectory was executed once at a single anchor height. Fourth,
the experimental validation was conducted using a lightweight end-effector. Therefore,
future work should investigate the robot performance under larger payloads and external
disturbances generated during physical interaction with crops, include repeated trials
following ISO 9283 [40] with an external measurement system, and measure the cable
tensions to verify the minimum tension experimentally.

6. Conclusions
This paper presents the experimental validation of AgroCableBot, a reconfigurable

cable-driven parallel robot (CDPR) for precision agriculture, whose design and simulation
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were introduced in [34]. The robot incorporates a vertical reconfiguration mechanism for
the proximal cable attachment points, which, according to the simulations in [34], increases
the wrench-feasible workspace from approximately 58% to 100% of the geometrically
admissible workspace for Tmin = 5 N. The main contributions of this work are the physical
implementation of the reconfigurable robot, the integration of a vision-based sensing
system for calibration and closed-loop control, and the experimental evaluation of trajectory
tracking at three anchor heights.

The experiments showed that the robot can execute geometric and agricultural trajec-
tories at anchor heights of 400, 600 and 900 mm, covering 600 × 600 mm in the xy-plane,
with a vision-measured 3D RMSE between 1.9 and 2.6 mm, a 95th-percentile error below
4.5 mm and a maximum error of 6.0 mm. The error increased at direction changes and
showed a position-dependent trend, and the residual scale error of the vision measurement
was estimated at 1.6–2.2%. These accuracy levels are adequate for positioning an inspection
camera over a seedling tray with a pot spacing of 50 mm.

The vision-based sensing system enabled both the initial calibration of the robot
and continuous end-effector position estimation for closed-loop control, providing the
feedback required for accurate trajectory tracking. The Eye-to-Hand sensing configuration
also simplifies end-effector instrumentation while providing a global measurement of its
position within the workspace. The experimental results obtained across trajectories with
different geometric characteristics further demonstrate the consistent performance of the
proposed sensing and control architecture.

Overall, the results of [34] and of this work indicate that geometric reconfiguration
can effectively address the limited feasible workspace of suspended conventional CDPRs
while maintaining high positioning accuracy. The combination of reconfigurable cable
attachment points, reconfiguration-aware kinematic modeling, vision-based sensing, and
closed-loop control provides a practical foundation for the development of agricultural
robotic platforms capable of supporting autonomous crop monitoring and other localized
operations in protected cultivation environments.

The main challenges for the next stages are the validation of the positioning accuracy
with an external measurement system, the measurement of the cable tensions to verify the
minimum tension experimentally, repeated trials following ISO 9283 [40], the compensation
of the residual scale error of the vision system, and the operation with heavier end-effectors
and in contact with the plants.

Future Work

Future research will focus on integrating higher-resolution cameras and spectral
imaging sensors to enable the real-time acquisition of high-resolution and multimodal
crop information. In addition, deep learning-based artificial intelligence algorithms will
be investigated for the automatic segmentation, classification, and detection of seedlings,
weeds, and crop phenological stages, as shown in Figure 18.

At the system level, a data infrastructure will be developed to support the real-time
acquisition, storage, and processing of crop phenotyping data, providing the computational
basis for automated decision-making in precision agriculture applications. This infrastruc-
ture will enable the integration of multimodal sensing data with the robotic control system,
facilitating the development of data-driven agricultural operations.

From the robotic system perspective, future work will motorize the vertical recon-
figuration and investigate automatic reconfiguration strategies for the cable attachment
points according to the agricultural task and the cable tension state, with the objective of
simultaneously optimizing the workspace, structural stiffness, and energy consumption.
Furthermore, dynamic models and advanced predictive and adaptive control strategies
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will be investigated to increase the robot’s operating speed, positioning accuracy, and
robustness during the execution of complex agricultural tasks.

(a) (b)

Figure 18. Future computer vision and artificial intelligence framework for AgroCableBot: (a) potted
coriander plants used as experimental agricultural targets. (b) Semantic segmentation and classifica-
tion of soil, crop, and weeds for autonomous monitoring and precision agriculture applications.

These developments are expected to further establish AgroCableBot as a versatile
research platform for advanced precision agriculture, integrating cable-driven parallel
robotics, vision-based sensing, spectral imaging, and artificial intelligence within a unified
framework for autonomous crop monitoring, phenotyping, and management in protected
cultivation environments.
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Abbreviations
The following abbreviations are used in this manuscript:

CDPR Cable-Driven Parallel Robot
DOF degree-of-freedom
EIH Eye-in-hand
ETH Eye-to-hand
HSV Hue, saturation, value
IMU Inertial measurement unit
P95 95th percentile
PD Proportional–derivative
PID Proportional–integral–derivative
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RMSE Root mean square error
UHMWPE Ultra-high-molecular-weight polyethylene
WFW Wrench-Feasible Workspace

Nomenclature

Symbol Description Unit
qe = [xe, ye, ze, δ]T End-effector pose mm, rad
δ Rotation of the end-effector about the z-axis rad
qα = [α1, . . . , α4]

T Motor angles rad
zp Height of the proximal anchor points mm
Fi Anchor point i on the frame mm
Ei Anchor point i on the end-effector mm
bi Position of Ei with respect to the end-effector center mm
Li, Li0 Current and initial length of cable i mm
∆L Vector of cable length variations mm
r Drum radius (44.2 mm) mm
rp Pulley radius mm
AT Structure matrix –
ui Unit vector along cable i –
Rz(δ) Rotation matrix about the z-axis –
T = [T1, . . . , T4]

T Tensions of the cable pairs N
Tmin, Tmax Minimum and maximum cable tension N
We External wrench on the end-effector N, N·m
me End-effector mass (3 kg) kg
Ie End-effector moment of inertia about the z-axis kg·m2

M End-effector mass matrix kg, kg·m2

J Rotor inertia kg·m2

ν Viscous friction coefficient N·m·s/rad
τ Motor torque N·m
Kp, Ki, Kd Controller gains –
(u, v) Image coordinates pixel
(u′, v′) Transformed image coordinates pixel
s Scale factor of the perspective transformation –
Mij Image moments –
(Cx, Cy) Marker centroid pixel
ū, v̄ Mean image coordinates of the end-effector markers pixel
ks Pixel-to-metric scale factor mm/pixel
zt Known reference height mm
Are f Reference area at height zt pixel2

AEF Area enclosed by the end-effector marker centroids pixel2

zre f
Vertical offset between the reference plane and the

mm
end-effector point of interest

q∗e , q∗α Desired pose and desired joint coordinates mm, rad
q̂e, q̂α Estimated pose and estimated joint coordinates mm, rad
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