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Abstract: Agricultural sector faces challenges like high labour costs and a shortage of qualified workers for repetitive
tasks, leading to increased interest in agricultural robotics. Pruning is a focus for automation efforts worldwide.
However, pruning robots struggle with slow and inaccurate vision systems, resulting in slow, costly, and
potentially harmful operations for plants. This study aims to provide a reproducible and reliable method for
detecting contact with grapevines during pruning, minimising potential damage, and improving vision system
speed by reducing cane oscillations. The proposed approach uses a momentum-based observer, eliminating
the need for force sensors. Experiments on Vitis vinifera cv. Pinot Noir canes validated this methodology.

1 INTRODUCTION

Grapevine winter pruning is an essential practice that
must be performed annually over dormancy. From a
viticulture perspective, it holds great significance as
it profoundly impacts various aspects of vine growth,
yield, and fruit quality (Poni et al., 2018). Pruning
grapevines differs from pruning other fruit trees for
several reasons encompassing distinctive plant mor-
phology, bud fruitfulness, and training systems. In-
deed, it involves making specific cuts on dormant
grapevines aimed at removing part of the previous
season’s growth as well as retaining selected dormant
shoots, namely, canes and spurs (Poni et al., 2016).
Pruning requires the pruner’s ability to quickly recog-
nise and locate cutting points in narrow spaces despite
cane density and other trellis accessories that may ob-
struct vision (Guadagna et al., 2023). Due to the in-
trinsic complexity of the task, robotising grapevine
winter pruning requires a multidisciplinary approach
to address challenges ranging from cutting point iden-
tification to path planning in a cluttered environment
and cane collision detection (Epee et al., 2022). Cam-
eras often have lengthy processing times and may
provide inaccurate position estimates, causing ineffi-
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ciencies in pruning tasks and the risk of plant dam-
age. This limitation remains a significant hurdle in
robotics, especially for pruning (Zahid et al., 2021).
While improving position estimation algorithms can
enhance accuracy, it is not always feasible due to at-
mospheric conditions and obstructed camera views.
Another challenge arises from pruning-induced os-
cillations caused by manipulator-cane collisions and
cutting. These oscillations worsen when the manipu-
lator applies unnecessary force to the cane, resulting
from inaccurate node position estimation. This ex-
cess force can bend the vine due to its rigid support
and elastic cane material. After trimming, the plant
starts oscillating, potentially damaging it and slowing
down the vision system, impacting productivity. The
oscillation issue is addressed by rapidly detecting col-
lisions between the shear centre and the trim point,
preventing the robot from unnecessary vine pushing.
Collision detection strategies can adapt to context and
application, but traditional methods involve expensive
force sensors and robot’s end-effector modifications.
Building upon these developments, this paper aims to
reduce cane oscillations induced by the collisions oc-
curring during pruning, relying on measures retrieved
from proprioceptive sensors only.

This paper introduces a novel approach, lever-
aging a momentum-based observer (De Luca et al.,
2006) for collision detection in precision viticulture,
specifically in grapevine winter pruning. To the best
of our knowledge, this is the first application of the



momentum-based observer in this context, address-
ing collisions occurring before and after the expected
cutting point. This work focuses on the former to
minimize cane pushing and oscillations. The latter
is crucial to avoid false cuts that could slow down the
pruning process, and it is not deepened in this work.

Additionally, the paper enhances system repro-
ducibility and reliability by proposing an affordable,
customised electromechanical setup compatible with
off-the-shelf commercial shears, eliminating the need
for specialised equipment.

The paper’s outline is: Section 2 revises the avail-
able solutions for robot pruning; Section 3 presents
the collision management framework; an extensive
experimental campaign is proposed in Section 4,
showing that the momentum-based observer prevents
the manipulator from damaging the vine and inducing
low amplitude oscillations; conclusions are supported
by the statistical analysis presented in Section 4.4,
based on the metrics described in Section 4.3; Sec-
tion 5 concludes the paper.

2 LITERATURE REVIEW

A comprehensive perception system is often re-
quired to understand the plant’s structure and make
informed-cutting decisions. A vision system that re-
constructs the tree canopy in 3D, identifies retained
canes and pruning decisions, calculates pruning point
coordinates, and plans collision-free paths, has been
proposed for cane pruning (Botterill et al., 2017). On
the other hand, some robotic systems incorporate vi-
sion sensors mounted on the manipulator’s arm. For
instance, an approach that utilises an RGB-D cam-
era and custom pneumatic shears as the cutting tool
has been developed (You et al., 2020). Recently, a
deep learning-based methodology for pruning region
detection and canopy segmentation of mature spur-
pruned grapevines has been proposed (Guadagna
et al., 2023). A multi-modular framework that com-
bines deep learning, computer vision, and robot con-
trol for dynamic and reproducible pruning skills has
been proposed (Katyara et al., 2020). A notable
example of a robot involved in grapevine pruning
is the Rolling Panda (Teng et al., 2021). It is a
wheeled mobile manipulator system consisting of a
non-holonomic wheeled mobile platform and a seven
degrees-of-freedom (DoF) robotic arm, incorporat-
ing a hierarchical control strategy that prioritises the
desired path while considering other constraints us-
ing the stack-of-tasks framework. While initially de-
signed to enhance safety in human-robot interaction
scenarios, the momentum-based observer employed

Figure 1: Collision management diagram.

in this paper has been successfully adapted to diverse
robotic systems and situations. For instance, in the
field of legged robots, it has been used to estimate ex-
ternal disturbances acting on the legs of a quadrupedal
robot (Morlando et al., 2021) or to accurately lo-
calise external contacts on an Atlas robot using a
contact particle filter (Manuelli and Tedrake, 2016).
In aerial robotics, the momentum-based observer has
been employed on fully actuated aerial robots to es-
timate external contact forces during physically inter-
active aerial tasks (Ryll et al., 2017). Notably, it has
been further enhanced by using a higher-order esti-
mator for estimating external wrenches in the decen-
tralised control of aerial robotic manipulators (Rug-
giero et al., 2015).

3 COLLISIONS MANAGEMENT

Collision management techniques developed for
robot-human collisions can also be applied to manage
robot-cane collisions. Collision events can be divided
into three main phases, namely pre-collision phase,
collision phase, and post-collision phase, as synthet-
ically depicted in Fig. 1. The pre-collision phase re-
gards the design of an appropriate path planning al-
gorithm to quickly generate the trajectory as the en-
vironment changes with each cut, based on the ex-
tensive use of exteroceptive sensors, such as cameras
or range sensors. These arguments, briefly revised in
Section 2, are out of the scope of the presented work
and, thus, will not be further deepened.

The collision phase is the second phase of the
collision handling process, and its primary goal is
to rapidly detect the occurrence of the collision be-
tween the shears mounted on the manipulator’s end-
effector and the cane while gathering as much in-
formation as possible from the impact forces. It
is important to note that the collision phase can be
complex and requires careful design and implemen-
tation. Particular attention should be given to the ac-
curacy and timeliness of collision detection, as well
as the robustness of the system in avoiding false pos-



itives. This paper proposes to manage the collision
between the shear and the vine using an nth-order
momentum-based observer. The momentum-based
observer (De Luca et al., 2006) is a reliable collision
detection method to enhance safety in human-robot
interaction scenarios. The approach based on the gen-
eralised momentum is widely used since it avoids the
calculation of acceleration that introduces noise and
delay. Indeed, this method relies on the available
model knowledge, the last commanded torques, and
the signals retrieved from proprioceptive position sen-
sors to estimate the lumped effect of all unmodelled
terms (interaction with the environment, disturbances,
effects from model uncertainties, etc.) as joint torque
te. Considering a rigid-link manipulator with n > 0
joints, the dynamic model of n-DoF robot manipula-
tors is presented as follows

M(q)q̈ +C(q; q̇)q̇ + g(q) = ttot ; (1)

where the matrices M(q)≻ 0 ∈Rn×n, C(q; q̇)∈Rn×n,
and g(q) ∈ Rn represent the inertia matrix, Coriolis
and centrifugal terms matrix, and gravity vector, re-
spectively. The symbol ≻ 0 indicates that the related
matrix is positive-definite. Vectors q; q̇; q̈ ∈ Rn repre-
sent the joint angular position, velocity, and accelera-
tion, respectively, while ttot ∈ Rn represents the total
torque acting on each joint actuator. This total torque
can be divided into two components, namely t ∈ Rn,
which represents the input torques commanded to the
joint actuators and te ∈ Rn, which represents the ex-
ternal joint torque acting on them. Define the gener-
alised momentum of the system as p = M(q)q̇ ∈ Rn.
Because of the skew-symmetry property of the iner-
tia matrix, namely Ṁ(q) = C(q; q̇)+CT (q; q̇), the fol-
lowing

ṗ = ttot +CT (q; q̇)q̇−g(q) (2)
holds. The derivation of the classic first-order mo-
mentum observer is based on the following defini-
tion of the collision detection signal r(t) = KI

h
p(t)−R t

0(t +CT (q; q̇)q̇− g(q) + r)ds− p(0)
i
; where p(0)

is the value of the momentum at time t = 0 s, and
KI ≻ 0 ∈ Rn×n is a diagonal gain matrix. Using (2)
and the dynamic model in (1), the following expres-
sion is derived

ṙ = −KIr + KIte: (3)

When a collision occurs, the signal r exhibits expo-
nential growth and collision detection can be achieved
by comparing it to a threshold value rlow determined
based on the system’s noise characteristics. In ideal
conditions, as the gain KI tends to infinity, the signal
r closely approximates the external torques acting on
the manipulator te. Therefore, higher gains are prefer-
able to enhance the sensitivity of collision detection.

Due to its properties, the signal r can infer the exter-
nal forces fext exerted on the end effector of the ma-
nipulator. Indicating with † the left pseudo-inverse
of a given matrix, it is possible to write r u te =
JT Fext ⇒ fext = (JT )†r. The dynamics of the collision
identification signal in (3) can be studied component-

wise in the Laplace domain as
r j(s)

te; j(s)
=

KI; j

s + KI; j
with

j = 1; : : : ;n. These transfer functions represent first-
order systems with a negative real-part pole at −KI; j.
The negative pole ensures the collision identification
signal r j convergence towards te; j at steady-state. To
achieve a more accurate and precise collision detec-
tion response and to mitigate the impact of high-
frequency noise, a second-order observer can be de-
signed by assuming a linear relationship between ex-
ternal forces and their estimation in the Laplace do-
main. This can be achieved by employing a second-

order transfer function as Ti(s) =
w2

n;i

s2 + 2ziwn;is +w2
n;i

with i = 1; : : : ;n, where w2
n;i and zi are the desired

natural frequency and damping of the designed esti-
mator, respectively. To achieve the desired transfer
function, the collision identification signal can be ex-
pressed in the time domain as r(t) = K1

R t
0 −r(s) +

K2

h
q(s)−

R t
0(t +CT (q; q̇)q̇−g(q)+ r)ds− p(0)

i
ds;

where it is assumed that q(0) = r(0) = ṙ(0) = 0, while
K1 ≻ 0 ∈ Rn×n and K2 ≻ 0 ∈ Rn×n are diagonal ma-
trices. Generalising the above reasoning, it is possi-
ble to extend the discussion to an nth-order estima-
tor, which is described by the following detection sig-
nal (Morlando et al., 2021) gi(t) = Ki

R t
0 −r + gi−1 ds;

with i = 2; : : : ;n, and where Õ
n
i= j+1 Ki = c j with j =

0; : : : ;n− 1 and c j represents the coefficients in the
denominator of the desired transfer function.

For the specific task of this paper, the detection of
a collision serves as a triggering signal to start prun-
ing. The cutting process has to fulfil specific prede-
termined requirements.

• Reduction of cane deflection. During pruning, it
is crucial not to compromise the integrity of the
vine cane.

• Fast trim point recognition. Cutting each trim
point has to be performed in such a way as to
speed up the overall pruning process.

• Cost-effective solution. The robotic system must
be easily adaptable to any pruning requirement
and must increase production.

To meet the above functional requirements, it is nec-
essary to establish appropriate metrics that capture the
cutting process’s effects on vine dynamics.



4 EXPERIMENTAL VALIDATION

An experimental campaign was carried out, involv-
ing cuts made both with and without the momentum-
based observer, aimed at demonstrating the effective-
ness of the presented method. Furthermore, since
plant health is another aspect of considerable im-
portance in commercial vineyards, the cutting angle
adopted is critical. For this reason, a greater cut in-
clination angle is more effective in reducing the ac-
cumulation of humidity on the pruning cuts. For this
reason, the effectiveness of the methodologies is eval-
uated by considering two scenarios: cutting parallel to
the ground and cutting at an angle of 45 degrees with
respect to the ground. The performed experiments can
be divided into four classes.

• Off−0. Cuts are made without using the
momentum-based observer, with a cutting plane
parallel to the ground.

• Off−45. Cuts are made without using the
momentum-based observer, with a cutting plane
inclined by 45 degrees with respect to the ground.

• On−0. Cuts are made using the momentum-
based observer, with a cutting plane parallel to the
ground.

• On−45. Cuts are made using the momentum-
based observer, with a cutting plane inclined by
45 degrees with respect to the ground.
A video summarising the carried out experiments

can be found at https://youtu.be/nFbt2YoQUqc.

4.1 Experimental Setup

During the experimental campaign, the KUKA LBR
iiwa7 R800 robot arm was used. Professional elec-
tronic shears (textitVinion 250) were used for prun-
ing. To attach these shears to the robot’s flange, a
support was designed and printed using CAD model-
ing (Fig. 2). This support includes an Arduino Nano
connected to a stepper motor, positioned to control the
shear trigger’s opening and closing.

To accurately measure oscillations at high fre-
quencies and millimeter-level amplitudes, a reliable
ground truth system was needed. The AprilTag2 sys-
tem (Wang and Olson, 2016), specifically tags from
the tag36h11 family, was used. To minimise the os-
cillation of the canes and allow an improvement in the
identification times of the upstream visual system, the
tags were fixed on the canes different from the one
in contact with the shears, that is, the one to which
the trim point belongs, to measure how the cutting
process influences the movement of the vine. Two
square tags measuring 0:08 m for each side were used

Figure 2: 3D CAD model of the tool mounted on the end-
effector of the KUKA LBR iiwa7 R800 manipulator.

on the canes, and one square tag measuring 0:1 m for
each side was fixed on the cord. All the case stud-
ies were carried out using two vines of Vitis vinifera
L. cv. Pinot Noir collected right after pruning opera-
tions and stored at 10 ◦C. The samples were bound to
a steel-made structure which made it possible to repli-
cate the same orientation assumed by vines in actual
vineyards, guaranteeing robustness for the pruning
process and preventing the structure from sliding dur-
ing the manipulator-cane contact. To achieve a good
compromise between detection accuracy and respon-
siveness, a fourth-order momentum-based observer
has been utilised with gains K1 = 10I7, K2 = 20I7,
K3 = 30I7, K4 = 40I7 where I7 is the identity matrix
of proper dimensions. Since the collision signal re-
lies entirely on model knowledge, issues arise from
model uncertainty, yielding the momentum-based ob-
server to supply non-zero collision signals even in
the absence of a collision (i.e., false positives). A
false positive represents uncertainty about the effec-
tive presence of the vine cane in the cutting area of
the shear. A given threshold for collision signals has
been thus defined. The threshold was chosen empiri-
cally by comparing forces detected due to movements
without collisions (free motion) and those detected
during the collision with a vine cane. During the anal-
ysis, the estimated forces along the axis approaching
the vineyard, i.e., the x-axis, were more indicative of
the possible presence of a collision. Observing in-
creased forces along the x-axis direction during colli-
sion prompted a specific focus on these forces. Sev-
eral tests found that the estimated external force at
the tip before initiating movement oscillated within
the range of [0:5;1:5] N. Conversely, the minimum
values consistently remained within [−1:10;−1:23] N
during free motion. Therefore, a force threshold of
−1:3 N was selected as it was never exceeded dur-
ing non-colliding movements. Besides, implement-
ing the momentum observer on the robot introduces
higher noise levels. The use of position encoders to
recover speed information introduces noise. There-
fore, a third-order Butterworth filter was employed
to generate filtered collision detection signals, further
reducing false positives.

https://youtu.be/nFbt2YoQUqc
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